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Intelligent geological condition recognition in shield tunneling via time-series
clustering and online learning
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Abstract: Current machine learning models for recognizing geological conditions during shield tunneling heavily rely on precise
geological data labelling, limiting their applicability in complex geological environments. To address this, we propose a continuous
dynamic time warping (CDTW)-based agglomerative hierarchical clustering model (CDTW-Agglomerative), which integrates a
linear interpolation framework to overcome DTW’s discretization issues. An online learning mechanism is implemented for dynamic
strata recognition. The model’s accuracy and reliability are validated using Xiamen Metro Line 3 data, with generalization tested on
Line 6 data. Results show recognition accuracies of 85% and 73% on the two datasets, demonstrating robust generalization.
CDTW-Agglomerative outperforms DTW-Agglomerative, SoftDTW-Agglomerative, and CDTW-based models (K-means,
K-medoids, Spectral clustering). Notably, it identifies cutterhead stratigraphy without requiring pre-labelled geological data,
supporting intelligent decision-making for tunnelling parameters.
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PT-A PT-B PT-C PT-D UL-CP LL-CP CL-CP LR-CP
I /KN /KN /kN /KN /kPa / kPa /kPa /kPa
wRKME 24826 308.53 326.93 328.08 303 182 460 278
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FIME 111.34 193.52 104.39 98.32 147 142 265 200
A 109.41 195.16 94.58 90.08 172 147 208 201
CR-CP SCP SCRS SCT AS TTF P CT
it / kPa / kPa /(r « min™") / (kN * m) /(mm « min~") / kN /(mm « 1) / (kN » m)
IEPNE 183 8009 9.98 49.39 75.89 3145833 61.89 4188.55
H/ME 2 2476 0.02 0.01 1.76 8 616.51 1.70 801.78
FIME 116 3318 6.37 20.89 39.17 15097.58 28.30 2075.13
R 134 4311 6.47 20.41 4125 14 576.81 29.02 2018.61
CRS CP HDSH VDSH HDST VDST HA RA
LR /(r+min™") / kPa / mm / mm / mm / mm /(°) /(°)
IEPNE 1.82 19 093.24 27.88 43.95 27.84 27.26 0.14 -0.53
RME 0.78 66.19 -157.42 5.78 -164.22 —22.66 -0.72 -1.01
PG 1.31 3024.21 -2.51 22.82 -2.95 1.64 -0.18 -0.72
R 135 2932.89 —0.86 24.29 2.07 3.84 -0.19 -0.72
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BN 1R bR ACC ARI NMI
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Table 4 Results of comparison experiment
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Fig.8 CDTW-Agglomerative-based temporal clustering results for advance speed (AS)
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