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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

WIE(m) A (m/h)  HAE(Nm) e (rpm)

Min 41.07 0.13 26.20 19.60

Max 1 049.60 218.80 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

B Max 2296.94 29.79 1887.23 107.31
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

Dok Mean 14.13 102.96 93.67 628.93
Std. 7.12 59.10 12.67 41.61
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Fig. 4 Comparison curves before and after wavelet filtering denoising

Bk 1R T MIC R i R 1t 1 s 8 H oAk

(DA SR X = {2,
jZgn W:{wl,...,wK}.

(24 th e A 3h i 1w’
(3)For B — KL E 1 W do
(4)HH53 4 I R A2 401

i

(BE,[i]

j=max(1,i—w+1)

(6)3# 3z MIC 1A A 4 -
(7)o, =MIC(E,,Y)
(8)End for
(9)EEFEAR ML IR R 5 1

b PERRAE Y = {3y, ) R B

1?,Vi€[1,7z]

w'=arg max {p,,}

(10)Return w"

we W

W8 XHLY Z (8] 1 56 R 3R R Z4E s Al b iy
S L B 2R AN TR0 K43 7 58 CUNAS [) 7 0o 4
B LU ) i R oy R /AN Ag . B iR
ol 0 Xl o3 T 1) LA B, 3 U R B IE AT 0 — 1k
A PR A5 B R BORE R R B MIC (X, YY)t
AR E LN

1(X.,Y)
(a,b)
Horpsa M1 b 43 59 275 /K- I 1) FNE 1507 1] b3l 3 4
T E . BBy R /N — s Bl 5 19 0.6 IO
AAr B KR B R B IBUE VB (0,1],0 R824
SR R ST LR R 5 A A O

i RAT B R EOCR AL T Wk 09 B ik 77 12, g
b A AR A T SR I S S B PR 2 2 Y

MIC(X,Y )= max (5)

axXb<"B logz min



PRI A T2 WAL F B 2 G B 5 BB I S I e Uy iR

2997

& 7 0.34 %
= 078 [/ -
15 , bES
a9 99
= 032 £
2076} =
s L w-%{030 F
50 60 70 80 90 100
W O
b B
) ~ojogs E
Z 020} =
-+ I oss &
= =
= {0.82 =
R R T
50 60 70 80 90 100
WA
d D#

- O - SRR R

5 S RE R A I N B

8 M
o) 3
=
I8 0.60 1
= ki
- =
E 0.58 =
s o
& i adose B
50 60 70 80 90 100
WEE N
a AJf:
o [% S
= L ] =
= 0.74 0.765 b=
2 2
E 02 T 10.760 E
20.70 s =
_‘-lH‘z; 1 L L 1 \‘; 0755 E
50 60 70 80 90 100
W
¢ CH
—O— BN e
Fig. 5

GIHKEUOC &R IF B B iz AL RE 1 . TR AS
B A fe R AR R B Rl A B [ 3 S 1 4% O 2k
Bt B2 ) 458 % R K, BAR TR BT

1Y, )
J(W)Zﬁ;(x[—xf) .

Horp a2 IE WAL 2 80, N AR BRURUZ 1 2 o0 %
N, FR AR Z T, W R ES B Al
A A I 45 2 R B 19 4 1 A R 2 H Wkt
TE DA 24 3 i A R i e A B AT BR B
i ik 3 TR 5 AR A 2 TA) 8 R 5% i A R AR
AT 19 44 AN AR S A I 0 A 28 ) 5 ) A S 3R H L
TE AL . LA 2 B R 3 4 4SS A ], HL R R
W, ' = 7fm_77VWJ(W)_

*ﬂVWJ<W)

Horprop 22 RV J (W) R 35t 2 pR B0 AT 250
BT . 4 mT A, 2 MIC (x (), ) 38 KEF, (1—
nea(1—=MIC(x(n),y) ) ) WHEZ B K, X EHRE S n
ANl I 2 B806F I A e D AR R U/ L R AR S 2
S X T 3 A A A A T K BT A X R A U
BLHI A 20515 W 26 A0 5 DG T 47 8 R & U RRAIE
3.4 ZEH AN i

Bt 2 8 B 22 R T 30N O B Hh e P 2 )

Adaptive window for short-time energy

O3 A5 A B 7 0] 8, #E MIR-SAE 5325 19 300 B Bt , R
FHIMAS SE SUA 5 2% R ROPE S A H B AR T
Xt R A B /N B e P 2K ) TR T AR Y A
L, UG|S50 5 o0 o o) A B RRAE AR
BRAF AU . AL B PR L B R E N

Lo=—> w.y log(p.), (8)

Horr: y RN KRN AR, p R Softmax =
B A5 RPN, C oA PRI BB w 2R
B e AT . FEABT ST R, 2SS B 0 4 B 2 5
A i - T AR 5, BRIV A Bl D 2 )
PN

4 TR

AW 5T R A 2 35 r ik 4 11 9 4l I Hodi L %
T4 i MR-SAE 58 3E 47 42 18 WAL . A [F] 14 52
5 H A 25 00 A JFRI B IF R TR R B0 56
FRE L 43 BT, A8 AH TR 52 56 4% 44 5690 T $2 07 125 A A
T H AL PR RE s C IR AN D T T 2 5 T
SEG, E PRI TE R A T Rz At RE

Bl 1 b ARG P v 2 TR A W R I S8 R Rl
A3 KW AN X — 4 BRGSO RE— B O AR ST
R F TR B T 9 A8 S50 I 3R W, B A 77 A Bl TR
HeRy A AT BERLAT AL, W&l 6 fr s

VEH F8 bR J7 T, A% SCR FH B 6 Al 1 455 780 11 4%
R ZEvEne, B BRI RIE )RR T 2 57 & S8
ARGy AT A, IF 1E— 25 51 A BT RS #00%



2998 i BR B 27

http://www.earth-science.net

51 %

A5 F1 A0, LA 4 T WA A 7 288 1A 35 i
ZAF TR R RE . BRAh AR SCIR 51 S48 i AH 56
FRBCHATVEREVEAL | LA AR 58 DA 458 3 75 288 ) AN ) £y
B 5T ) 500 R

R AIE MR-SAE #5135 45 fe A0 Bie &, IF #ff £ 52
50 0o AR A — oM A AT E A A WESE R Optuna
2 B 1 HE 22 98 47 4 4k (Akiba ez al., 2019). 3 iF
117 500 AR AL IR 5, LA 56 UF 52 v 8 % AF 0 B b
MRS T S Bk B T R S U £ 2 R
41 AEHEE LHERITLE

ARWEFER T 5 FP AT LA 2% 2 O %, B Bl
LA AR (RF) (KA 4AB (KNN) | Z 11 & HL(SVM) |
W A5 48 2 — A T2 N 45 (GS-ANN) LK /N 28
e [ A2 TE R AR (SACWT). ¥R 9% 4 I RE
I R AF B R BOE WAL 52 ), 31T T 3 RS A
A A 6 B R o N A KA R R B0 U Ak i Ja i M

W ks lgs B se

T A s i AR (SAE) XA F 6 B i 2 1 oA fiff
FH B K A5 B R BOE WAk (1) SAE #E8L(N1) , R K B
PO, BV [R] Bl e B B R R R B R BE
) MR-SAE £ % (Proposed ).

BT EAE AR B LA s S 2 BT
F 3 AE AR, B4R A MR-SAE #5250 B A
e g 2R . il an , AE AR b R R T ik as B T
95.1% FIMERE 2, 43 %l RF .LKNN.SVM .GS-ANN
M SACWT & i 8.6%.10.2% ., 10.6% . 9.7% H1
1.9%. #E B I 09 S50 v, Jr 418 J7 10k 4 28 Jie BE S 45
B e WE R R R 92.1 %0, RS B R N 89.5% , #4 nl
9 86.3% ,F1 43800 86.0% . 1H 15 1 2 i J& , R4
SACWT B8 7 W& =5 1Y 94.1% e o 5, {0 HOKS 1
A A F L4380 0 W R AR, AL 78.5%
T7.AY FT5.7% , RWNIZA I TEA R A LAY oK
R VA 22 , A 130 WSO TR o 1 236 T e v Ak S 7 Pk
fig . A, B 7 A 2 B R IR O T AR T S
w3 B P S A AR T b X B i o A T
W 3 KBRS R Y 1) A ™ TR R O A AR
S P A M T T A 2R

*2 MR-SAEHEBSHIEMR
Table 2 MR-SAE algorithm hyperparameter tuning
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Fig. 6 Depth-sequential cross-validation EN L 7 H o [0.01, 1] 0.6
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Table 3 Performance comparison of different models for lithology identification on Well A and Well B
18 hR 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
LS 0.923 0.895 0.900 0.713 0.911 0.886 0.932 0.960
HA PERTIE 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
RIS 0.790 0.650 0.728 0.821 0.941 0.754 0.864 0.921
LRIES 0.834 0.722 0.612 0.823 0.785 0.696 0.821 0.895
JB 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=R 0 RF KNN SVM GS-ANN SACWT SAE N1 Proposed
iR 0.768 0.768 0.757 0.878 0.919 0.836 0.930 0.954
JI%C JE VR ES 0.798 0.810 0.802 0.898 0.925 0.871 0.928 0.952
YN Zk:
N A 3R 0.704 0.726 0.728 0.849 0.911 0.843 0.919 0.948
ML :D I
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 I
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
sl R A 0.771 0.741 0.758 0.824 0.889 0.765 0.888 0.938
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