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under a data-locality constraint where raw data never leave local sites, the method incorporates collaborative multi-well dictionary training

and a sample-size-weighted server-side aggregation scheme to enhance robustness and cross-well generalization across heterogeneous

drilling environments. Experiments are conducted on field logging data collected from multiple real-world drilling projects, where a multi

-well federated dataset is constructed for evaluation. The results demonstrate that the proposed method achieves superior monitoring

performance under multi-well settings, with an average separability score of 4.018 and an average weakly supervised precision of 0.804,

indicating stable identification of typical abnormal events in the absence of annotations. These findings substantiate the effectiveness

of the event labeling mechanism in improving model interpretability and cross-well generalization, and provide a feasible and effective

technical pathway for distributed intelligent monitoring in complex geological environments.

Key words: geological drilling process; federated dictionary learning; weakly supervised monitoring; event-inspired labeling; machine

learning.
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Fig.1 Schematic diagram of the geological drilling process
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Table 1 Comparison of mechanisms and observable characteristics of typical drilling anomalies
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Table 2 Main monitored variables in the USROP dataset.

LS, ] L
measured depth — m

weight on bit WOB kgf
average standpipe pressure SPP kPa

average surface torque TQ kN/m
rate of penetration ROP m/h
average rotary speed — rpm

mud flow Q L./min

mud density p g/cm’
diameter — mm
average hookload HKLD kgf
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Fig.3 Comparison of reconstruction errors and distance metrics across different feature subsets and methods
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Table 3 Cross-well comparison of P, and separation d for the evaluated methods
Tk f&br g1 2 %3 4 %5 %6 357 1y
P, 0.750 0.704 0.684 0.834 0.887 0.920 0.852 0.804
AR3CTT

d 6.876 2.939 3.674 4.538 2.987 3.875 3.239 4.018

E-DTWA P, / / / / / / / /
(Kloska ez al.,2023) d 3.667 3.845 2.321 2.654 2.069 1.964 1.785 2.615

PCA P, / / / / / / / /
(Jaffel ez al.,2014) d 3.067 2.316 3.321 2.458 1.983 1.542 1.061 2.249
A-BMIL P, 0.687 0.535 0.704 0.654 0.554 0.768 0.329 0.604
(Kong er al.,2019) d 3.688 2.636 1.644 2.569 4.872 3.065 1.801 2.639
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