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Well Log Analysis using Intelligent Reservoir Characterization
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Abstract : Petroleum reservoir characterization is a process for quantitatively describing various reservoir properties in
spatial variability using all the available field data. Porosity and permeability are the two fundamental reservoir properties
which relate to the amount of fluid contained in a reservoir and its ability to flow. These properties have a significant
impact on petroleum fields operations and reservoir management. In un-cored intervals and well of heterogeneous
formation, porosity and permeability estimation from conventional well logs has a difficult and complex problem to solve
by conventional statistical methods. This paper suggesis an intelligent technique using fuzzy logic and neural network
to determine reservoir properties from well logs. Fuzzy curve analysis based on fuzzy logics is used for selecting the
best related well logs with core porosity and permeability data. Neural network is used as a nonlinear regression method
to develop transformation between the selected well logs and core analysis data. The intelligent technique is demonstrated
with an application to the well data in offshore Korea. The results show that this technique can make more accurate
and reliable properties estimation compared with previously used methods. The intelligent technique can be utilized a
powerful tool for reservoir characterization from well logs in oil and natural gas development projects.

Keywords : well logs, porosity, permeability, reservoir characterization, fuzzy, neural network
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Table 1. Avaliable data list of Well-B.

Reservoir Data Unit

Core analysis data Core porosity dimensionless

(51 data) Core permeability milli darcy (md)

Well log data Neutron log corrected limestone

(107 data) porosity
Sonic log us/ft
Gamma ray log API
Caliper log in
Laterolog deep resistivity ohm-m
Laterolog shallow resistivity ohm-m
Density log g/em’
Spontaneous potential log mV
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Fig. 1. Well log data of Well-B, Block A.
{a) Histogrem of core parosity b) Histogram of core permeabilit
. rof Data 51 008 P Y Number of Data 51
4 mean 1547 maan 95.2085
4 std. dav. 0388 std. dev. 43,1845
200_J oef. of var 2510 coef, of var 9788
E maximure 1820 maximum 342 4880
7 rguartile 1804 upper quartile 180.2062
T median 1730 200 median B8.2290
150 ] rquartile 1468 ' lower quartile  13.6530
ini minimurn 0100

Frequency

114
Core Porosity

184 184

134 074

Fraquency

300,

200
Core Permeabifity(md)

Fig. 2. Histograms and descriptive statistics for core analysis data. (a) core porosity (b) core permeability.
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Fig. 3. Histograms and descriptive statistics for well logs.
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Fig. 4. Scatter plots of core porosity and well logs.
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Fig. 5. Scatter plots of core permeability and well logs.
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Table 2. Results of fuzzy curve analysis.

Range of fuzzy ranked
Well Logs sum  rank

porosity  permeability

Neutron log 0.515 0.371 0.886 3
Sonic log 0.486 0.523 1.009 1
Gamma ray log 0.346 0.441 0.787 4
Caliper log 0.197 0.22t 0418 8
Laterolog deep resistivity 0432 0.350 0.782 5
Laterolog shallow resistivity 0.407 0.285 0.693 7
Density log 0416 0.491 0.906 2
Spontaneous potential log 0.346 0.352 0.698 6
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Fig. 7. Cross plots of measured values and computed values.
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