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Research on Logging Text Classification Method Based on K-BERT

CAO Mao-jun, XTAO Yang
(School of Computer and Information Technology ,Northeast Petroleum University , Daqing 163318, China)

Abstract: In the field of petroleum exploration and development, the processing and classification of well logging text data are crucial
steps for enhancing the efficiency and accuracy of well logging data interpretation. However,well logging texts contain a plethora of pro-
fessional terminology and complex data structures, which limit the effectiveness of traditional text classification techniques when dealing
with domain-specific data, thus failing to meet practical application requirements. To address this issue, we propose an improved K-
BERT text classification method. This method integrates the text feature extraction capabilities of the K-BERT model and TextCNN. By
incorporating a knowledge graph specific to the well logging domain, K-BERT embeds domain knowledge into the model, enhancing its
understanding of professional terminology and complex semantics,and improving the model’s semantic capture performance in domain—
specific text classification. On the other hand, TextCNN leverages the characteristics of convolutional neural networks to effectively
extract local features of texts and capture detailed textual information, further enhancing classification accuracy and robustness. The com-
bination of these two techniques provides an innovative solution for the classification of well logging texts. Experimental comparisons
demonstrate that the proposed method outperforms traditional text classification models in terms of macro precision, macro recall, and
macro F1 score, validating its effectiveness and superiority in domain-specific text classification.
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5 B NI EESF 0.907  0.820  0.861
6 R 0.901 0.782  0.842

3.6 HEASLIG

J T EEARIT I K UE K-BERT -TextCNN i Al 1
A AL IR A ROPE DA BB TR 3 Rk 4 S 1
M TTERAR B 1 SCH T DAR DU RS R AR IR a4 T T
S0H RGN L

(1)K-BERT B, th AR AU fR 8 T K-BERT #f
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WAR S LT K-BERT AU H:SCAR 3205 5 203 -

5, BBR T TextCNN Z11F, & 76 .0 PP Al K-BERT Ay
PE it B I -0 14 P 3 A 398 5 2

(2) TextCNN ##Y . AR R B T TextCNN
43, 5BR T K-BERT 4114, H 12 EAl TextCNN 7 ]
ARG FAE S5 Al ST R IR BE

(3) BERT B, JvAR 1A J5i4A ) BERT FE7Y ) B
EBR T TextCNN 2 {4, oA fl A I H- AR RS DA
PEAS SERE Y BERT AR A 7RI H:SCAR 5 AT 55 v 19 L
PERE,

(4) BERT -TextCNN £ 5 . Jt 25 {A % BERT 45 %Y
5 TextCNN BRI 45 &, (0 2B T 5L &3, B
FEVEAR 3 P 20 A 04 % BB A 75 #2390 5835 #) K-BERT -
TextCNN F{ 7K,

TS5 S it o A R, 9 S A AR T R AR L 45 4
Ak 2 AN T AT A S B0 A% 4, LA R S0 6 45 A 1
WA AT He e

25 TR T A B ZRE AR A T R
% F1{H,

kS5 HBEH4gR

Model macro—P macro-R macro—F1
K-BERT-TextCNN 0.929 0.829 0.876
K-BERT 0.919 0.826 0.870
TextCNN 0.820 0.810 0.815
BERT 0.916 0.823 0.867
BERT-TextCNN 0.920 0.825 0.871

SLHAE R W] K-BERT-TextCNN A& A1 /EPEfE
B 20 T I A A B R AR A 55 E TR rh £ A2
AT R, 1 — 2R B T 3k e 2] 4 2 [ 1 B[] 4 X
FHETHRIRIMERE A TR R A A A K
Ha5E T BERT #7135 B AR RE 7, 1 TextCNN A9
AN 2 T T AR SCARRRIE R EEBE ) . IE Y
FHHLGS 4 175 K-BERT - TextCNN #5175 1l 50 7
SPRAES PRI T EAR R RE

25 LTk, 42 1 9 K-BERT - TextCNN 45 154 75 1]
FESCA G ARIAS T 1 35 sk, Hom FO R 8 T
TR, AT IR T B R AR SEBR s h i )
WAL 5, 38 A R 1 bk T S48 0 i K] 3 5 BERT
YN RIANZE A, I AlS TextCNN [ £ R 35 FUER
TEFR B A, A7 85 A1 100 IR 0 3 8 i X
17 EFIR B 22 ST R i KRR AR 24 2T 8 g, il I 3¢
RO FAT SR T — MmN R T %, Kok
FARIE ST AT 0 — 25 A I 0 R L A8 i 5 4 Ak, 18
T 55 B AR TR s A 2R T R Sk ) SR
FRIEFRAR 5 o 28500 | DLtk — 25 45 T S SCAR 43
FKTERE .,

4 HERIE

X o SCIN I SCAS Bl | 32 SC B AE 4R R SUAR A3 2K
BRI — R G PERE . W CAR B RS+ 8
1B b ARTE AN 2= 1) F SOl S AE G0 SCAR 207
BMELAFE AP X SRR, PRI R T —Fh RS K-
BERT 5 TextCNN £ %1 (1) €1 57 84 43 25 J5 v, BV K -
BERT-TextCNN #i#1 , iZH AU ] K-BERT i i)l £
AR A G R L A 45 5L, LA 398 i A 7850 I - A
KN EF 30k LR Ry, i — 2P il i TextCNN
PEE LT SCH SRR, 48 T1 X6 SCACTE: SR 2R i A 42
A

SLHR AR AVE 28 b LT A
WY SCAR G T8 R 1 AR M SCAR 43 2541 55 Hh (1)
WP ARAIBEIE ] DIZE AR E S Y R 2R
el ah Ay AR AT g BRPE RIE 22 2] S5 RS R
PAHE— B BTSSRI BRI N FH A (L 38 AW 1E A
BT, K-BERT-TextCNN 45 A7 B 7E I - 4535 LA K
by T B U SCA AP HAT 55 rh AR E AT, R K-
BERT-TextCNN HAY7E A58 v BUAS T 1 2 Wl 2
A — Bl AR — R W58 7 )

(1) MRS A e 5 e . #F— 20 35 A
DA FH- 5 1) 6 R P 33 | 48 TP i Y R RORG it 12k
AT iR AR AR ) 1 SRR BE T

(2) ZESEHR A AR AR, SO Bl 1
115 oA 27 A BEE (CInEHR A% R B 45 ) % YT
Ko KAV IR R MG Z S HERl A BRI | DL 42
AR -3 =T

(3) FERY B AT figp PR AIF Y - 44 v A5 L 19 W fige R 1k
A5 3 2 25 SR TN A B A 5 T BE A, 5 BY TR UM 4f
R A 2 25 b AT R oK

(4)TELR 2] 5 [ 35 W R 3L . TF R REMS fE 26 2% )
R 37 R A L A0 S s 3 T AR A0
W5 R SRR R L i Tt

SE Lk
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