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Table 1 Learning sample set
X1 %2 X3 X4 X5 X6 X7 X§ X9
Gl 4.0 22.0 19.6 70 400 3.70 7.50 21.00 0.00 0.9 0.1 0.1
G2 6.2 28.0 24.0 70 340 1.90 12.00 25.00 2.50 0.9 0.1 0.1
G3 3.0 16.0 15.0 71 350 1.20 16.00 21.00 0.50 0.9 0.1 0.1
G4 2.8 13.0 1220 70 380 1.60 15.00 22.00 1.30 0.9 0.1 0.1
G5 3.5 23.6 30.0 80 340 1.50 14.50 20.00 0.30 0.9 0.1 0.1
G6 4.8 25.4 36.0 80 350 1.60 12.50 21.00 0.20 0.9 0.1 0.1
G7 3.2 27.0 37.0 75 350 230 12.50 20.00 0.20 0.9 0.1 0.1
G8 2.6 31.0 39.0 70 370 1.60 15.00 21.00 0.40 0.9 0.1 0.1
G9 5.5 23.0 330 70 330 230 16.50 19.50 0.80 0.9 0.1 0.1
G10 2.4 23.4 35.0 78 350 2.20 13.50 19.50 0.60 0.9 0.1 0.1
SI 2.1 47.0 4.0 45 280 1.20 22.00 21.00 0.40 0.1 0.9 0.1
S2 6.0 7.2 7.6 70 370 120 15.00 21.50 2. 0.1 09 0.1
S3 2.4 7.9 8.1 80 4000 060 17.50 21.50 0.70 0.1 0.9 0.1
S4 1.4 60 9.1 8 350 072 14.00 21.00 0.55 0.1 0.9 0.1
S5 2.5 14.6 18.8 70 370 0.80 20.00 20.50 0.00 0.1 0.9 0.1
S6 3.8 17.0 19.0 90 400 0.50 17.50 25.00 0.50 0.1 0.9 0.1
S7 3.0 12.2 17.6 95 430 0.46 18.50 23.50 0.10 0.1 0.9 0.1
S8 2.0 22.5 27.0 65 400 0.80 18.00 22.00 0.00 0.1 0.9 0.1
S9 3.0 12.0 16.0 73 450 0.80 20.00 21.00 0.60 0.1 0.9 0.1
S12 5.5 10.7 10.2 65 400 0.65 21.00 23.00 0.50 0.1 0.9 0.1
M1 1.1 9.0 12.0 130 350 0.40 26.50 25.00 0.00 0.1 0.1 0.9
M2 0.7 53 6.5 155 360 0.30 32.50 25.00 0.10 0.1 0.1 0.9
M4 1.8 54 6.0 155 350 0.31 29.00 26.00 0.00 0.1 0.1 0.9
M5 1.1 48 5.0 150 400 0.30 32.00 24.00 0.00 0.1 0.1 0.9
M6 0.7 80 6.2 135 370 0.35 28.00 23.50 0.00 0.1 0.1 0.9
M7 0.6 6.0 6.1 150 380 0.24 31.00 25.00 0.00 0.1 0.1 0.9
M9 0.4 6.8 8.4 60 530 0.23 35.00 28.00 0.10 0.1 0.1 0.9
MI10 0.5 11.4 11.8 71 500 0.32 32.00 27.00 0.00 0.1 0.1 0.9
Mil 0.4 10.0 14.0 70 460 0.49 26.00 26.00 0.20 0.1 0.1 0.9
M2 0.6 84 8.0 70 450 0.38 28.00 25.00 0.10 0.1 0.1 0.9
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Table 2 Sample to be identified and recognizing

result of neural network

X X X3 X4 X5 X6 X7

G25 7.0 21.0 27.0 30 275 2.00 12.50
G2 3.1 27.6 30.0 55 370 1.10 17.0
G27 2.8 25.6 31.5 47 350 1.30 12.50
G28 5 36.5 40 340 2.50 12.50
G29 4.3 36.0 37.0 45 350 1.70 12.50
G30 3.5 43.0 51.0 20 200 3.00 14.50
24.5 80 380 0.53 18.50
26 3. 220 55 360 1.00 12.50

S27 2.5 15.0 19.5 70 340 0.65 17.50
328 3.

S29 3.

16.5 67 335
30.0 50 375

.59 17.00
.59 19.00
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S30 2.8 124 17.5 58 380 0.55 19.00
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M21 1.0 80 110 215 28 0.31 30.50
6

M22 80 6.8 225 395

0
0
0
0

12.0 250 350 0.26 32.50
0
0.22 30.00
0
0

0.
M23 0.5 704 12.0 180 330
0.

M24 0.6 80 7.4 235 320 0.33 24.00

23
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RECOVERING PLATE ON INITIAL THICKNESS
OF CLASTIC ROCKS IN SEDIMENTARY BASINS:

A quick and practical method

Wei Yongpei
( Northwest Uhiversity, Xi” an)
Chen Huixin
(X? an Enginering Callege, Xi an)

Abstract

There are several methods of recoverying initial strata thickness such as compaction, coefficient of compaction, dehydrata
compaction, vitrinite reflectance and geological statistics. Most of these methods have evident shortcomings and are iraional.
So the plate of recoverying initial strata thickness has established by means of the canputation of the initial strata in certain
atificial well. The initial strata thickness can be obtained by this method through knowing present strata thickness and lithol-

ogy inwells. This method is proved to be covenient and practical.
Key Words: sedimentary basin  intial srata thickness recovery empirical plate

(E3=% 84 m)

Abstract

Geological explanation of logging data is an important link of logging work . When there are scanty cre data and more
log data, feedforward neural network is a very effed ive method to recognize the logging lithology. This paper intoduces an -
dentifying method of logging lithology by the pattern recognition approach using feedbach nueral network. The appmwach firstly
regards the relationship between drilling cores and logging parameters as an identifying pattern so as to obtain intelligent
knowledge from the identifying patern, and finally applies the knowledge to identify the logging lithology of well. The method
was used in lithologic recognition of the 4th member of Shahejie Formation in Shengli Oilfields, the result is satisfactory and

shows good applica ion prospects.
Key Words: neural networkk B P algorihm  pattern recogniion logging lihology



