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Abstract: Lithology identification plays a crucial role in oil and gas exploration. Although drilling data can provides costeffective
and realtime lithology characterization, its effectiveness is often constrained by weak lithological signals, strong feature coupling,
and complex nonlinear relationships. To overcome these limitations, this study presents a hierarchical stacked autoencoderbased
method for real - time lithology identification while drilling. The proposed method constructs a hierarchical feature learning
framework composed of raw drilling parameters, shorttime energy intermediate features, and a maximal information
coefficientdriven regularization mechanism. This framework enhances the representation of weak lithological information in drilling
data and guides the model to preferentially learn features with stronger correlations to lithology. Experimental validation on four

drilling datasets demonstrates that the proposed method outperforms seven benchmark methods overall. The proposed model
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achieved 95.1% accuracy with an F1 score of 93.6% on Well A and 92.1% accuracy with an F1 score of 86.0% on Well B.

Moreover, the model exhibited good generalization capability in crosswell prediction, yielding accuracies of 94.2% for Well C and

95.4% for Well D, offering a robust solution for realtime lithology identification.

Key words: lithology identification; drilling data; deep learning; shorttime energy.
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Table 1 Datasets used for analysis

WE(m) A (m/h)  HIAE(Nm) e (rpm)

Min 41.07 0.13 26.20 19.60

Max 1049.60 218.80 5033.99 99.16

A Mean 548.56 3.39 2184.77 49.76
Std. 296.81 3.01 559.31 7.71

Min 655.30 0.22 13.24 1.69

Max 2 296.94 29.79 1887.23 107.31

B Mean 1454.87 6.23 997.64 47.79
Std. 500.36 4.52 188.66 14.06

Min 0.00 20.00 64.00 20.00

.. Max 25.50 635.00 1499.00 799.00

o Mean 11.51 103.82 528.06 496.99
Std. 8.02 78.99 564.12 174.19

Min 0.00 60.00 60.00 98.00

Max 25.51 660.00 177.00 701.00

ok Mean 14.13 102.96 93.67 628.93
Std. 7.12 59.10 12.67 41.61
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Table 2 MR-SAE algorithm hyperparameter tuning

S HRAEYE S

B2 AL 2,3, 4 2
TR 2 2] 5 [0.000 1, 0.1] 0.004

Bl ek AL gk (10, 80] 16
T B B 2 3% [0.001, 0.1] 0.005

B 6 A L E o kAR B [100, 1 000] 380

Fig. 6 Depth-sequential cross-validation ENE R H o [0.01, 1] 0.6

®3 AFEBHRESMHIRAEE EREXT L
Table 3 Performance comparison of different models for lithology identification on Well A and Well B
B2 RF KNN SVM GS-ANN SACWT SAE N1 Proposed

HIRTES 0.865 0.849 0.845 0.854 0.932 0.858 0.919 0.951
GBS 0.923 0.895 0.900 0.713 0.911 0.886 0.932 0.960
HA PERCIE 0.768 0.734 0.729 0.681 0.901 0.778 0.878 0.923
F143% 0.811 0.770 0.771 0.700 0.888 0.794 0.895 0.936
ot R 0.826 0.794 0.801 0.830 0.910 0.791 0.861 0.937
HiRTES 0.790 0.650 0.728 0.821 0.941 0.754 0.864 0.921
Kiof % 0.834 0.722 0.612 0.823 0.785 0.696 0.821 0.895
B PERTIE: 0.664 0.555 0.610 0.706 0.774 0.614 0.737 0.863
F14r41 0.668 0.523 0.549 0.707 0.757 0.651 0.733 0.860
EICEIES 0.646 0.400 0.511 0.698 0.859 0.760 0.806 0.865
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Table 4 Performance comparison of cross-well model validation
Ei=Rn RF KNN SVM GS-ANN SACWT SAE N1 Proposed
W R 0.768 0.768 0.757 0.878 0.919 0.836 0.930 0.954
JI%C JE bR ES 0.798 0.810 0.802 0.898 0.925 0.871 0.928 0.952
YN Zk:
N PR 0.704 0.726 0.728 0.849 0.911 0.843 0.919 0.948
D S
F1434 0.728 0.746 0.747 0.868 0.917 0.839 0.924 0.950
et 78 0.895 0.317 0.426 0.352 0.891 0.668 0.840 0.915
MRS 0.929 0.514 0.576 0.583 0.935 0.794 0.892 0.942
IR ES 0.943 0.642 0.711 0.785 0.925 0.872 0.912 0.942
%D F
W C I FERIE: 0.899 0.458 0.546 0.577 0.924 0.708 0.848 0.922
pANE :
F140% 0.911 0.397 0.447 0.501 0.924 0.672 0.859 0.929
gl R A 0.771 0.741 0.758 0.824 0.889 0.765 0.888 0.938
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