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Fig. 1 Structure diagram of the BiLSTM network
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Fig.2 Flowchart of the prediction model implementation
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Tab.1 TBM specifications
HAZH U HAZH i
JVEIFZ AR /mm 6530 | JJEFEME/(KNem) 1510
RSB/ (mm + min~ ) 160 TV R AHHE /(KN » m) 10 045
WE BT /KN 20 040 145 ¥ /rpm 0~9.8
R BT /KN 17 070 AL/ kW 2 800
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Tab.2 Main operating parameters of TBM

v
#‘Tf WROFME O ORME 5% 0% % Rk
Y

X, mm/min 41,29 2.81 30.52 40. 90 51,54 97.80
X, mm/r 16. 46 2.00 12.8 16.23 20. 64 46,71
Xy kN 149123.00 121 209.70 141 919,50 152 552.20 154 070.00 165 325,50
X, kw 201, 44 10. 38 123.21 182.99 195,17 719,65
X;  mpm 1.58 0.51 1.20 1.70 1.92 2.52
Xo kN 152. 89 22.09 132,01 153,05 171,79 260. 53
X; A 38.55 18.01 37. 44 38.51 39,52 50. 32
Y, kN 9062.92 80406 768527 9214.95 1062485 16 455,26
Y, kNem  1209.00 131.09 856.86  1193.01 1507.40 3 734,77
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Tab.3 Performance evaluation of y, and y, under

different time lags 7

=Lz d OF¥HgTiRE B Rk R?

1 /kN 0 563. 44 989. 87 0.832

1 516.49 857. 25 0.871

2 410. 06 732,11 0.912

3 446,73 775.32 0. 899

/(KN m) 0 123.25 167.02 0.786
1 93. 37 118.13 0.923

2 78.43 108. 24 0. 955

3 82.16 112. 04 0.938
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Fig.3 Causal relationship diagram
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Tab. 4 Correspondence between expert experience

and data-driven

LRER 1 3 5 7 9
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Fig.4 Detailed heatmap of variable causal effects
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Tab.5 Evaluation values of model prediction performance

before and after information fusion

71 /kN /(KN + m)

i b 1EetT NTS- GCN- NTS-  GCN-
GAT BILSTM GAT BiLSTM

A EH4a xR 410,06 657.35  78.43  97.85
M HRIRE 732.11 912.61 108.24 138.24
R*® 0.912 0. 865 0.955  0.926

BARIR F4axiin2:  688.65  751.26  107.19  109.43
SR RE 207 R AR 2% 989.87 1014.30 149.39 164.50
R*? 0. 864 0.833 0.911  0.896
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Tab. 6 Prediction performance evaluation of
KD-NTS-GAT, GCN-BiLSTM, and BiLSTM

B D LAY xRz ¥OrRIRRZE R?

#:57/kN NTS-GAT 410. 06 732,11  0.912
GCN-BiLSTM 766.91 1038.18 0. 825

BiLSTM 798. 21 1128.62  0.799

B/ NTS-GAT 78.43 108.24  0.955

(kN » m) GCN-BILSTM 123. 25 179.11  0.879
BiLSTM 156. 86 197.63  0.851
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Prediction of Thrust and Torque of TBM Based on Information Fusion

and Stacked Convolutional Neural Networks
YANG Yao-hong'’, ZHANG Zhe', CHEN Jian-guo®’, LI Qun-sheng®, LIU Yu-xiang'

(1. School of Water Conservancy, North China University of Water Resources and Electric Power, Zhengzhou
450046, China; 2. Henan Provincial Key Laboratory of Hydrosphere and Watershed Water Security, Zhengzhou
450046, China; 3. Henan Water Conservancy First Engineering Bureau Group Co. , Ltd. , Zhengzhou 450000, China)

Abstract: It is the key issues of reasonably and accurately predicting the thrust and torque of tunnel boring machines
(TBM) to realize the intelligent control of TBMs. This paper proposes a two-stage prediction method of knowledge-data-
driven spatio-temporal stacked convolutional network (KD-NTS-GAT). Firstly, based on expert knowledge and the
NTS-NOTEARS method, a new information fusion technique is proposed. The discrete expert experience and the contin-
uous NTS-NOTEARS indicators is mapped and smoothly fused through clustering. The causal relationships among the
key operating parameters of the TBM is quantitatively extracted to improve the authenticity of the causal relationships sig-
nificantly. Then, causality is further combined as a prior knowledge with stacked convolutional network deep learning
model for predicting thrust and torque of TBM. Taking the bid IV of Xinjiang Water Conveyance Tunnel Project as an ex-
ample, a comparative analysis of the KD-NTS-GAT method and the pure data-driven method shows that the KD-NTS-
GAT has better prediction capability on thrust and torque. The conclusions can provide a reference for the intelligent con-
trol of TBM construction.

Key words: TBM; information fusion; NTS-NOTEARS; stacked convolutional network
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Prediction of Diversion Risk in the Later Stage of Cascade Power

Station and Evaluation of Initial Impoundment Scheme

WANG Bei-bei', LIU Lian', LUO Li-zhe’, HUANG Jian-wen', LIU Le¢°
(1. Hubei Key Laboratory of Construction and Management in Hydropower Engineering, College of Hydraulic &
Environmental Engineering, China Three Gorges University, Yichang 443002, China;
2. Changjiang Survey. Planning. Design and Research Co. . Ltd. » Wuhan 430014, China;
3. Shanghai Excellent Ruixin Digital Technology Co. » Ltd. , Shanghai 200233, China)

Abstract: Predicting risks in later diversion stages is essential for the scientific evaluation of initial impoundment
schemes for hydropower stations. Considering the gradual development process from dam overtopping to the failure of the
diversion system, taking the later diversion systems of the upstream existing and downstream under-construction power
stations as the research objects, a later diversion risk model for cascade power stations based on level sets is established,
and the risk is expressed in the form of interval numbers. Based on the prospect theory, the initial impoundment scheme
of the cascade power stations is evaluated by taking risk loss, relative storage reservoir power generation benefits and
storage duration as the indicators. Finally, taking two adjacent under-construction power stations in the upper reaches of
the Jinsha River as an example, the results show that when the level sets change from 0 to 1, the equivalent recurrence in-
terval corresponding to the later diversion risk interval of the original impoundment scheme meets the flood design stand-
ard with a high safety margin. The staged storage time can be advanced by 40 days, which provides a reference for the
safety and economy of advanced impoundment.

Key words: later diversion;initial impoundment;risk model;level sets;cascade power stations





