
4 PETROVIETNAM - JOURNAL VOL 6/2022    

PETROLEUM EXPLORATION & PRODUCTION

1. Introduction

Porosity, permeability and saturation are the key 
petrophysical parameters for reservoir characterisation, 
which can be defined by means of rock physics model-
ling, experimental links [1, 2], and machine learning tech-
niques [3, 4]. It is still the most difficult and challenging 
task in reservoir analysis since the prediction petrophysi-
cal parameters is generally affected by several factors and 
these parameters likely vary with rocks. Hence, the predic-
tion might be better if we could divide the data sets into 
groups relating to rock units. Up to now, machine learn-
ing is considered as a promising tool to deal with the un-
known reservoir properties because of its diversity. For ex-
ample, Cuddy and Clover [5] applied ANN and fuzzy logic 
to estimate porosity in Mansouri oilfield, Iran; Ahmadi et 
al. [6] utilised the least square support vector machine 
(LSSVM), and fuzzy logic (FL) optimised by genetic algo-
rithm (GA) was proposed to predict the permeability and 

POROSITY PREDICTION USING FUZZY CLUSTERING AND JOINT 
INVERSION OF WIRELINE LOGS: A CASE STUDY OF THE NAM 
CON SON BASIN, OFFSHORE VIETNAM
Kieu Duy Thong1, Pham Quy Ngoc2, Ha Quang Man3, Pham Huy Giao2, Doan Huy Hien2, Bui Viet Dung2, Pham Hong Trang4

1Hanoi University of Mining and Geology
2Vietnam Petroleum Institute
3PetroVietnam Exploration Production Corporation
4Institute of Geological Sciences
Email: ngocpq@vpi.pvn.vn
https://doi.org/10.47800/PVJ.2022.06-01

porosity of petroleum reservoirs in Persian Gulf, Iran. Nay-
ak et al. [7] made an overview of fuzzy c-means to assist in 
clustering and classification. Hellman et al. [8] integrated 
the fuzzy c-means cluster analysis and joint inversion to 
achieve the most from the collected datasets such as DC 
resistivity and seismic profiling for dolerite dyke. Thus, en-
abling the methods to enforce each other is such a way 
that interpretation could be improved. The method has 
been employed successfully in near surface investigation. 
Therefore, it could be implemented in reservoir charac-
terisation. 

Dell’Aversana et al. [1] presented a joint inversion ap-
proach to define petrophysical properties from wireline 
logs. The results demonstrated that this approach is robust. 
However, they applied one set of constitutive equations for 
all data sets that may have different geological conditions 
or rock types. It should be more accurate if we can define 
the set of constitutive equations for each rock type. In this 
work, we use an unsupervised learning technique, fuzzy c-
means (FCM) clustering [9], to classify well log data in clus-
ters. Then we predict the porosity from well logs, including 
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resistivity, sonic velocity, and gamma ray by means of 
the joint inversion method for each cluster. 

2. Methodology

2.1. Constitutive equations

In this work, we use constitutive Equations (1), (2) 
and (3) that link rock properties with well-log mea-
surements [2].

where Vp, GR, and R are p-wave velocity, gamma ray 
and resistivity, respectively; V0 and Vf are the com-
pressional wave velocities of the solid matrix and the 
pore fluid, respectively; ф is the porosity of the rock; 
vc is the volumetric fractions of clay; Sw is water satu-
ration; GRq and GRc are the specific values of gamma 
ray of quartz and clay; Rw is the resistivity of water; a is 
the tortuosity (we set a equal to 1.0 in this work); m is 
the cementation exponent (1.3 and 2.5 for most sedi-
mentary rocks, and close to 2.0 for sandstones) and 
n is the saturation exponent (generally assumed to 
be 2 but can vary as well), thus we set m and n equal 
2.0 in our process. The clay fraction in Equation (2) is 
calculated by using gamma ray logs (Equation 3). 

2.2. Using fuzzy c-means clustering 

Generally, various rock units formed in different 
geological conditions demonstrate some particular 
relationships between physical parameters. If a cor-
relation between physical parameters can be defined 
correctly then the formulated set of petrophysical 
characteristics in a unit may represent a geological 
unit, which is distinguished from others in terms of 
geophysical properties by using clustering tech-
niques. One of the powerful data analysis techniques 
is “fuzzy clustering”, a method that separates data 
into subsets according to degrees of the measured 
similarity. Some studies using FCM to analyse geo-
physical data were conducted [10, 11]. 

2.3. Choosing optimal parameters for each cluster

To choose the optimal parameters in Equations 
(1), (2) and (3), we define the error between calcu-
lated values (Equations 1 and 2) and well logs data 
as follows:

where ycal and ymea are calculated and measured values, respec-
tively; N is number of samples. When the Error is minimum, the 
parameters are supposed to be optimal.

2.4. Inversion

Forward modelling: The Vp and resistivity are linked to po-
rosity and fluid saturation by using constitutive equations as 
seen in Equations (1) and (2).

Inversion: The objective function is defined as the sum of 
the L2 norms of the misfits between the measurements dmea 
(Vp and electrical well logs) and the data dcal from the coupled-
models; the inverse problem solution  is obtained, at each 
depth location, by minimising the objective function within 
the domain Ωm of the model parameters.

 

where lo is the number of well logs used in the system of 
equations (in our case lo = 2 for Vp and resistivity) and wl is the 
weight to scale the influence of each log due to different scales 
and noise levels of the well log measurements. β is the regula-
risation parameter and m0 is the initial model parameters.

3. Case study of Nam Con Son basin

The Nam Con Son basin is one of the largest Tertiary sedi-
mentary basins offshore Vietnam. It is situated in the southern 
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Figure 1. Location of the Nam Con Son basin within the East Vietnam Sea [12].
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Figure 2. Well logs and core data: (a) p-wave travel time; (b) gamma ray; (c) resistivity; (d), (e), (f ) correlation between well log curves; (g) porosity of core measurement at five 
depth sections: S1, S2, S3, S4, and S5; and (h), (i), (j) correlation between well logs and porosity of core measurement with colour coded by depth sections. 
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Figure 4. Error between the calculated and measured Vp for each cluster. We choose the optimal pair values of V0 and Vf for each cluster (marked by red cross). 

Figure 3. Clustering results. The cluster numbers are defined by data analysis and geological conditions.
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Figure 5. Error between the calculated and measured resistivity for each cluster. We choose the optimal values of Rw, Rc and Sw for each cluster (marked by red cross). 
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East Vietnam Sea (Figure 1), where numerous wells have been drilled 
for oil and gas exploration and production purposes.

The well log data tested in this study is taken from the Nam Con 
Son basin, which is located in the southern Vietnam continental shelf 
(Figure 1). The basin has an area of about 110,000 km2. Hydrocarbons 
were discovered in the Nam Con Son basin in three different types of 
reservoirs: pre-Cenozoic weathered and fractured basement, Oligo-
cene - Miocene clastics and Miocene carbonates.

We applied the process to a well log data set containing p-wave 
velocity, resistivity, gamma ray and core measurement (Figure 2) for 
a clastic reservoir interval from 2,200 m TVD to 2,600 m TVD of a well 
in the Nam Con Son basin. The core data are available for five depth 
ranges: S1 (66 samples), S2 (26 samples), S3 (91 samples), and S4 (41 
samples) for data analysis; S5 (83 samples) for the final test.

The well logs and core data were employed in the FCM cluster-

ing process, and the results are presented in 
Figure 3. The Error (Equation 4) was used to 
define the optimal parameters in Equations (1) 
and (2). The error between the calculated p-
wave velocity (using Equation 1) and the mea-
sured p-wave velocity defines the optimal pair 
of values V0 and Vf (Figure 4). The error between 
the calculated resistivity (using Equation 2) and 
the measured resistivity (LLD logs) defines the 
optimal values of Rw, Rc and Sw (Figure 5). The 
inversion of testing data, S5 is presented in Fig-
ure 6, showing a good correlation between the 
inverted and measured porosity values. Noting 
that this data set is excluded in any previous 
FCM analysis process.

4. Conclusions

We present an approach of using fuzzy c-
means clustering to classify the well logs and 
core data in clusters and then running inversion 
for each cluster. The basic idea of doing this is 
to set suitable parameters in the constitutive 
equations, which usually vary with rock units 
that may relate to clusters. We demonstrate the 
process by using well logs and core data of one 
well in the Nam Con Son basin, Vietnam. The 
prediction shows reasonable results for testing 
data set, S5. The square correlation coefficient 
between the predicted and core measurement 
is 0.66.

Acknowledgements

This research is funded by the Vietnam Na-
tional Foundation for Science and Technology  
Development (NAFOSTED) under the grant 
number 105.99-2019.324.                           

References

[1] Paolo Dell’Aversana, Giancarlo 
Bernasconi, Fabio Marco Miotti, and Diego 
Rovetta, “Joint inversion of rock properties 
from sonic, resistivity and density well‐log 
measurements”, Geophysical Prospecting, 
Vol. 59, No. 6, pp. 1144 - 1154, 2011. DOI: 
10.1111/j.1365-2478.2011.00996.x.

[2] Wenting Wu and Dario Grana, 
“Integrated petrophysics and rock physics 

0 0.2
Φ

0.4

2,565

2,570

2,575

2,580

2,585

2,590

De
pt

h (
m

)

 R2 = 0.66

Calculated

Measured

Figure 6. Estimation of porosity of testing data set, S5.



10 PETROVIETNAM - JOURNAL VOL 6/2022    

PETROLEUM EXPLORATION & PRODUCTION

modeling for well log interpretation of elastic, electrical, 
and petrophysical properties”, Journal of Applied 
Geophysics, Vol. 146, pp. 54 - 66, 2017. DOI: 10.1016/j.
jappgeo.2017.09.007.

[3] Per Avseth, Ivan Lehocki, Øyvind Kjøsnes, and Odd 
Sandstad, "Data‐driven rock physics analysis of North Sea 
tertiary reservoir sands", Geophysical Prospecting, Vol. 69, 
No. 3, pp. 608 - 621, 2021. DOI: 10.1111/1365-2478.12986.

[4] Ha Quang Man, Doan Huy Hien, Kieu Duy Thong, 
Bui Viet Dung, Nguyen Minh Hoa, Truong Khac Hoa, 
Nguyen Van Kieu, and Pham Quy Ngoc, "Hydraulic flow 
unit classification and prediction using machine learning 
techniques: A case study from the Nam Con Son basin, 
offshore Vietnam", Energies, Vol. 14, No. 22, 2021. DOI: 
10.3390/en14227714.

[5] S. J. Cuddy and Paul Glover, "The application 
of fuzzy logic and genetic algorithms to reservoir 
characterization and modeling", in Soft Computing for 
Reservoir Characterization and Modeling. Springer-Verlag 
Berlin Heidelberg, 2022. DOI: 10.1007/978-3-7908-1807-
9_10.

[6] Mohammad-Ali Ahmadi, Mohammad Reza 
Ahmadi, Seyed Moein Hosseini, and Mohammad 
Ebadi, "Connectionist model predicts the porosity and 
permeability of petroleum reservoirs by means of petro-
physical logs: application of artificial intelligence", Journal 
of Petroleum Science and Engineering, Vol. 123, pp. 183 - 
200, 2014. DOI: 10.1016/j.petrol.2014.08.026.

[7]  Janmenjoy Nayak, Bighnaraj Naik, and H. S. 
Behera. "Fuzzy C-means (FCM) clustering algorithm: 

a decade review from 2000 to 2014", Computational 
Intelligence in Data Mining, Vol. 2, pp. 133 - 149, 2014. DOI: 
10.1007/978-81-322-2208-8_14.

[8] Kristofer Hellman, Thomas Günther, and Torleif 
Dahlin, "Application of joint inversion and fuzzy c-means 
cluster analysis for road pre-investigations", EAGE Near 
Surface Geoscience 2012 - 18th European Meeting of 
Environmental and Engineering Geophysics, Paris, France, 
3 - 5 September 2012. DOI: 10.3997/2214-4609.20143417.

[9] James C. Bezdek, Robert Ehrlich, and William Full, 
"FCM: The fuzzy C-means clustering algorithm", Computers 
& Geosciences, Vol. 10, No. 2 - 3, pp. 191 - 203. 1984. DOI: 
10.1016/0098-3004(84)90020-7.

[10] Kieu Duy Thong and Anton Kepic, "Seismic‐
impedance inversion with fuzzy clustering constraints: 
An example from the Carlin Gold district, Nevada, USA", 
Geophysical Prospecting, Vol. 68, No. 1, pp. 103 - 128, 2019. 
DOI: 10.1111/1365-2478.12891.

[11] Kieu Duy Thong, Anton Kepic, and Cornelia Kitzig, 
"Classification of geochemical and petrophysical data 
by using fuzzy clustering", 24th International Geophysical 
Conference and Exhibition, Perth, Australia, 15 - 18 February 
2015. DOI: 10.1071/ASEG2015ab215. 

[12] Pham Huy Giao, Pham Hong Trang, Doan Huy 
Hien, Pham Quy Ngoc, "Construction and application 
of an adapted rock physics template (ARPT) for 
characterizing a deep and strongly cemented gas sand in 
the Nam Con Son basin, Vietnam", Journal of Natural Gas 
Science and Engineering, Vol. 94, 2021. DOI:   10.1016/j.
jngse.2021.104117.


