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Intelligent Inversion of Lithology While Drilling Method Based on

Acoustic and Vibration Signal and Transfer Learning
XU Shi-yi, WANG Sheng” , LAI Kun, BAI Jun, ZHANG Zheng, ZHANG Jie

(State Key Laboratory of Geohazard Prevention and Geoenvironment Protection, Chengdu University of Technology, Chengdu 610059, China)

[ Abstract] With the improvement of intelligence, the drilling industry ’s demand for real-time identification of lithology while drilling
was becoming more and more urgent. An intelligent inversion method of lithology while drilling is proposed based on the acoustic signal
and vibration signal ( acoustic vibration signal ) of broken rock during drilling. Firstly, the original signal samples were obtained by
drilling seven different types of rocks through indoor micro-drilling experiments. During the acquisition process, the drilling parameters
(' drilling speed, rotation speed, bit size ) were changed and the corresponding signal data were obtained. According to the
characteristics of the collected acoustic vibration signal, the time-frequency image with signal characteristics was obtained by short-time
Fourier transform. On this basis, an improved VGG16 convolutional neural network model was constructed to realize the intelligent
identification of lithology, and the training, evaluation and tuning of the model are realized by hyperparameter optimization. Then, the
transfer learning training strategy is introduced, and different drilling parameters were used as data labels. According to the parameter
values, the source domain and the target domain were divided to realize the rapid identification of the small sample target domain. The
experimental results show that the transfer learning results of the model are different with the change of drilling parameters. The litholo-
gy inversion model based on acoustic-vibration signal training has high prediction accuracy and strong generalization ability. The accu-
racy of the acoustic signal test set is up to 99% , and the accuracy of the vibration signal test set is up to 100% . Under the change of
penetration rate, the acoustic and vibration signals are least affected, which can achieve more excellent results when used as data labels
for lithology inversion, and the accuracy of lithology inversion is the highest when the penetration rate is small as the target domain. In
the process of lithology inversion, different signal types are suitable for different rocks. Among them, the sound signal has the highest

applicability to coarse yellow sandstone, and the vibration signal is more suitable for granite. The research results have certain reference
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value for improving the intelligent degree of working face drilling.
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Lithology inversion scheme based on acoustic vibration signal while drilling
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Eaxdn YU/ MPa PR/ MPa
ik 47.23 4.25
KB 131.17 3.72
VIR 67.80 2.14
AR 65.04 1.94
i 14.77 1.38
piAske 152.68 5.58
KAwE 46.16 2.06

Fx2 BKFEER
Table 2 Value table of each level
ME Bk mm e/ i/
(remin~1) (mm-min 1)

K1 25 200 1
K2 30 300 2
K3 40 400 3
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Table 3 Improve VGG16 network parameter conf-iguration

2% )2 B kg 0 EAIS LITREDI N

WA JR IR A — 224 %224 x3
ERZ 1 _x [3,3,64] x2 1 224 x 224 x 64
Ak 1 [2,2] 2 112 x 112 x 64
EBRUZ2 x [3,3,128] x2 1 112 x 112 x 128
Ak 2 [2,2] 2 56 x56 x 128
LBRUZ3 x [3,3,256] x3 1 56 x 56 x256
HiAk)z 3 [2,2] 2 28 x 28 x256
BRZE 4 x [3,3,512] x3 1 28 x 28 x512
Hifk)z 4 [2,2] 2 14 x 14 x512
HBRUZ5_x [3,3,512] x3 1 14 x 14 x512
A2 5 [2,2] 2 7 x7 x512
R — — 1 x4 096
IR — — 1 x4 096
FE AL [7,7] — 1x1x512
EsURE — — 1 x1 024
Dropout = — — 1 x1024

T — KR 0z A, I B R T bt LA,

ik VGG16 B HY 23 J22 9 4 3t 28 1 1, 1
3 x3 BB 2 x2 KAk, i A2 B IR UR
ERESEL R e e A R o Y (SO U ) P (B R~
JEHHT— 20 TR R R A AT, 2R
SR AR X RS AR A T A R AR
BUZ W 8 E %0, Dropout JZ AR5 HIE AR 5 fy
AFEAR—3, FZAF ] softmax HEFT0 24 H .

2.2 SIANEBFIIEKM

TEREB T HLAS 7 AT 55 v I B A it 4R 4
K B [Rl—AMREAEZS (8] 9 H B A AR A A 3 A5, (H 52 B
V2B AN R X SR X I R S AR IR 2
GEUR 2R A H ARG L S Sy 203

TERE VGG16 BRI REA_E A SCAF IS 51 A
TER 7 2] Hemg , ) R A7 FEAR T A9 B840 B X ) 4%
BRI I, O BT B 1 3
RIS, BORBER BT, LU 5 B 4922 1L B
SRR,

K 6 7~ T 5] A TFA (two-stage fine-tuning ap-
proach ) ZeBUEIL T AL TRME L KRB RN
B 6(a) Bn T I ZRB B, B 6 (b) 24 A
BB, T 2 R T AU RS — 2 S
BORARTHIT AL BE ) . B TR 7 > RERS B 5800
AR ISR AR SR A28, N7 — > RE S PR g Ml fi e
BT 55 BUREAY i/ T AR R 2] I £ AU BT 1Y)
WIS B FIXS L9 B TR IR A oK
2.3 &ALk

BT TR o7 o) W B & TEA AL Sk, B4
AAE ImageNet B4R L 58 B 2R VGG16 57
HE(HEA CNN) IR AT R 223 . B 7 oyt

ImageNet$ g5

e =R
CEBIER) T
T -era o
©
(a) T BE

3
@a@%‘i@
-E

0 EESH
(b) BRI B B © BN

K6 FETIEA ] i/ IMEA R HEZL

Fig. 6 Small sample detection framework

based on transfer learning

(gt | [miese | [wing]

R I 44 7%

| OE. AL

RS |- o] e |

W R ARER IR

BRI 58 B

Bl 7 BRI AR

Fig. 7 Model training flow chart

TN Ziife . BEAHERLRE AT X B T PR VI 2R, 5
—HEINGRr A7 1k I e i A B A T,
IR ZEHAEATURES (FE SR , RISz,
A SR A R PR 1 PR R A, AR
TR UNGRET fE AR Rl C-NN A ] 4% 22 45 71
5 BT MRS 512, RIS R, it
SRV SRMER 2, O R HARBE T B, =
BRI ZRES TR, 2 Jefg i P A 0 H AR
HERFRREE G IR A P SO LA SR 2 TR

H T 7 AT YIRS G 2 2 ik gt P 5 B K
YA 73 B 4 5 A A T A VI 2B 2 5 A
N, AR TN R I I 2 83 2o O A 2 R AT 2 1]
et o X ATE IR A2 S W B, BIREA S
SRR R, B R AU IR I SR
SRR RN R R, IR S R IL R AR B 5
Tk o AR SE R i, T A R T S 2R
RS EE AT PE A R AL BE

1o HURE A2 i) DR 3% % WA o BEC(ELAR Sy DR, 5
3 R D bR e, LI A B iR 4 48000 4 1 &)
(K4,

KRR
(4 TR

S
Wikde HEAT AR PEAR

ML . www. stae. com. cn



2025,25(18)

TRIERE, 45 BT A RAG 5 AT A 27 ~) AP BE B R RE S i 12

7531

F4 BRSNS
Table 4 Data set partitioning
28 PRI EE7NC

S25 + 530 T40

i3k R5F/mm $25 + 340 T30

S30 + S40 T25
S200 + S300 T400
56/ (romin ') S200 + $400 T300
S300 + $400 T200

S1+S2 T3

HUBAY 3/ (mm-min 1) S1 +S3 T2

2 +83 T1

2.4 FEMIERR

BEAL: BE A PEAL 3 2 TR 57 232 ( preci-
sion, P) AR (recall,R) >R (accuracy,A) Fl
F, 3U(F,-score) , AR B S /0 845 R L
LTSS, AT LK AR 5 AR T, ARAE ]
Fo MR Fry LA T3 4 F

R 3 PR v, 5 000 1E A 1) v 52 PR 1F
BRI, Bkl

TP
T, +F, 2)

A M FRAr 4% H8 IER S AR 240 B 5

IS S G o 3 N W)
T,
T, + Fy (3)

T E A 1Y bR 2 EH 5 AR 2 SVBORY LA D HE
B3, — P H ME B 52 100 v AR PP B B R 4 6
HEE SIS

T, + Ty
T T, + Ty + Fy + Fy 4)

F\ o8O R FNUERA 5 A A 0] 5 2 8] 1 F )

F OB R BRI 2R G PR RE OB . Fy 20 B

R =

2.5 FEES@EERE

IR Winl0 64 (7 #E RS, BT G H B
CPU AbBHZSH Intel Core i5-13600KF, Fit'E: 1 1~ GeForce
RTX 4070 1) GPU Fil 1 TB MIFE%s it 18T N AN 24
GB, W AfN 12 GB,CUDA FFATAL A0 5 888 1>, 2
IR 51800 Keras MUASA 2. 10, Python B4R
H3.7, ZBCE RN SEI LA AR IR H 18T
3 HRER
3.1 RESHIGE

ASCRERUE R T SGD ik #s, I Hah & 24k
momentum F— K 0.9, H AT WS EE S
Petb #5521 % (1learning rate, Ir) BERIIEFCFEUR (ep-
ochs) JLALBEFE AL (batch size) 2% > 2R (de-
cay) \FAAUE (dropout rate) . i S EOR L, HEHL
TERMHESEINERS i,

BT B2t W I 45, B —Fe VI R0 75 22 X
2 o RN S 0, YA R Ay B AR S, B &
FRCEE W RE 5 2 Hb A i Y TIOIORS B, B S AU(E
A0,

x5 BESEEUER

Table 5 Super parameter value table

HSH — i oy
FEEY PRANES
22 (Ir) 2x107* 2x107?
AL EAR YR (epochs) 80 80
HEALFREASL (batch size) 16 16
2 ) R HE 3 I ( decay) It/ epochs It/ epochs
23 i:%ﬁ/)ﬁ( decay) Ir/epochs 0.1 x It/epochs
FEAUHE ( dropoutrate ) 0 0.5

3.2 LWERSWT

INZRES R BT A3 1 P X 4 0 v g
S(A) 2zl 1 H bn R s £ 09 e P S T TR W R R

Beer ikl PG (2) ~ 0 (4) 7T RATHEE B br sl 59 o 1 R
_ 2PR (5)  T(A) KR T(P) UK AHFEIRT(R) BT
1 - DN
P+ R B 6 P,
F6 ERNIEER
Table 6 Model training results
) - RS s
%%w N jl_J /\iag JHE
SHCRL Sl S(A)/%  T(A)/%  T(P)/%  T(R)/% S(A)/%  T(A)/%  T(P)/%  T(R)/%
T40 97 67 68 67 99 44 46 44
B3
LR T30 99 80 85 80 100 51 50 51
i 5 98 7 74 72 99 50 53 50
" T400 97 78 80 78 100 54 55 54
237 v
i) T300 99 89 89 89 100 56 56 56
(r+min 200 9% 78 80 78 99 56 57 56
e 99 77 78 77 99 46 48 46
.
W’&%Jfl/ ™ 98 84 85 84 100 54 55 54
(mm-s~") Tl 99 99 99 99 100 57 58 57

ML . www. stae. com. cn



R T NI N N -

7532 Science Technology and Engineering

R 6 AN, 7 A5 5 Y N 3k B A E A R AE
96% VA I, 17 5115 5 5 a0 38 4 o 65 R AE 99% LA
b U R PR B 288 TR, H
BRI i R AR B IR IR 0T 5 A — o 228, — R X
FIE &0 AT GE S H T P00 Y1 s U P M DA R 4k 2
ST REN . AHTSCATAT, T AR A 8 A U
b I e SR 0 T T T U 2 i R S o
BR O R B T — A e /K, X Ui BB AL
Z22g ) T IR SRR AE AR REAR 4 b s TR
B, WO HERR T BN AR AR IE X — Rl B, AN
G5 T AT e S 7F 24 4N UE 2 BUBUE & A B0 A% B |
FHARFRE AT, IRAE 5 IR E R A T A2
1k, B0 B XHE 5 b B 75 21 B sk A RS A 5
i, DT S 250 e Sl AR U050 3 2 T) B AS [) B 1) e
TE25 5, T 2Bl H AR BERA R BRI

TN SO AN [) UM A 2 % o i 25 21
AR, 24 H bRk o8 B Sk RSE 30 mm | B
300 v/min DA F (SRR HLET PSR R F |
Fy Fy KR LR 1.2 .3 mm/min, 805 SCEFXTH
PRI IR & B F, B R, B F) B AR
T FIRAE S W0 AS 2 B 025 5L, B o g ot
SR AR R 25 AR PR h £ K B AR R VA
FERER M B RU A iz fbRe ) e ke, T im
JETR T XA [l i 2 01 R 50t A 28 i BT A
FE R BCR E O
3.2.1 kRS MEAARE

MR 6t Al HARECH 853k RSF 30 mm (1952
SR LH I, TOUIORE B A v T A AL, R (R S
B TR AR R 5 A B T 80% M1 51% , H L AT AT,
WA, Sk RSFE S EZ S m R &, RS R 30
mm 5, 3E RS 24 ) R AT, BEAS T8 T b 172
PRI, B8 JBn T HARKN R SF 30 mm B #5271
55 AU R 2 LA K B AR VR VE R
3.2.2 AEH#RAMEAARE

PAFE 3 300 v/min AF 8 H AR, 75 & 1551
T 28k B B KAH 89% , IR BN 7 = MR 81k B e KA
56% . FHULATHN, 2505k A Sy =2 m K2R )
5 300 v/min B, BESEELE LAY A S, [ 9
JE7R T B AR HE 3 300 1/ min AR Y s 1] 25 ot
TR ZE DL HbRIIR A H R
3.2.3 s EAEE

FEBPREUOR R F BR85S 1 HE ek 2]
9% s SHERRIAR] 57% . HILAl 0, fn iR 35
SEMA R AT UAR G T, LR 24 1 mm/min B,
PERCEAAER EE REIA B R E, &1 10 J&/R T H bRk
SEE F BRI i FE R 2R DL S TR AR

2025,25(18)
1.0 - 2.0
08} \ 16
06 12
% &
o =
£ o4t — PigERERR {08
-------- LN $yiR7iped
' A . — IR
02r N A WiFsefik 104
. \ \ . st P 0.0
0 10 20 30 40 50 60 70 80
JEARER IR
(a) P F 15 SN 2 th 2%
KELH 0.05
VB 0.03
HIRA 0.00
e
B s 0.00
al TER A 0.00
KA f . 0.00
B 006 013 000 000 000 000

KRELE JelE AxRE B ERAE KA A
A =)
T A

(b) FE1E 5 B AR IR A Ak

20

— IRERR {08
<<<<<<<< BERHER
— Ik

--------- Wikksix {04

IEARERK
(o) 4 B0 15 SR I 25 th 2%

KELH 028 015 006 003 002 014

VKA | 017 FUEEEE 014 006 008 005 0.06

" FRE| 003 022 000 012 000 025
g‘; FL#HE | 000 000  0.00 005 018 000
a R | 000 001 000 004 0.02  0.00

KAwaE| 002 000  0.00 0.00 OO 008

TUA| 015 002 014 002 024 0.8
RELf JRE TG MED ERE KA 0
# b
b
(d) 4R H 15 5 H AR SR VA
8 HARBCH RS 30 mm B4 S A A I 25

Fig. 8 Lithology inversion model training when the

target domain is size 30 mm
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target domain is rotation speed 300 r/min
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