
Abstract
In particular, quantitative laboratory measurements are challenging to perform due to their costs and time consumption. 
So, the need to explore other available data interconnectivity to permeability is of great importance. One of these data 
is NMR (Nuclear Magnetic Resonance) log data which have been used frequently in recent studies. It is considered 
to segregate different groups, which can be obtained through cluster analysis. Using reliable parameters in the 
cluster analysis helps to segregate different rock units which can be used in the permeability models. To select 
reliable parameters, cross plots of the permeability versus extracted features from the NMR T2 distribution curve 
were plotted. Results indicate that TCMR, peak reading amplitudes, and T2Lm are the best permeability indicators, 
respectively. Cluster analysis was performed on T2LM, TCMR and Peak reading amplitudes, which showed the 
highest consistency with core derived data compared with other parameters. The crucial step is to determine the best 
estimate of the number of clusters. It is usually taken as a prior in most clustering algorithms. In this research, Davies-
Bouldin criterion values versus the number of clusters were used to obtain the optimal number of clusters. The knee 
method, which finds the “knee” in many clusters vs. clustering evaluation graph, was used. A clustering model with 
the number of clusters from 2-100 was created. It showed the five is an optimal number of clusters. Subsequently, 
the Schlumberger-Doll-Research (SDR) coefficients for each cluster were modified using a curve fitting tool in the 
Matlab software. Results indicated that calculated permeability using cluster analysis showed a higher correlation by 
core derived permeability than the original SDR permeability model. Since this is the core part of the group attempt 
to use extracted T2 distribution features in permeability estimation in carbonate reservoirs, more investigation is 
required to attempt satisfactory results to standardize the value of the coefficient of the permeability models in 
carbonate rocks with different petrophysical properties.
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Introduction
Permeability is of great importance for formation 
evaluation and deliverability prediction. It is a rock 
property that relates to the rate of hydrocarbons that can 
be recovered. It is common to estimate permeability using 
a simple porosity-permeability correlation [1]. However, 
the porosity-permeability relationships in carbonate 
reservoirs are not well. It showed there are other affecting 
parameters in permeability correlations [1]. A variety of 
methods has been established to measure permeability. 
These methods of the direct and indirect permeability 
measurements of rocks exist. Direct measurements are 
obtained in the laboratory on core samples. However, in 
many cases, permeability measurements are not possible. 
The core samples limit the precise determination of each 

value due to rock properties, consumption time of the 
drilling rig and their expenses.
On the other hand, indirect permeability measurements 
may allow greater control of cost and time consumption, 
enabling to use of well log data for quantitative estimation 
of permeability. NMR log data is one of the best well 
log data widely used in the recent indirect permeability 
estimation. Wei et al. estimated the permeability from 
NMR logs based on the formation classification method 
in tight gas sands [2]. Xinmin et al. proposed an improved 
method for permeability estimation of the bioclastic 
limestone reservoir based on NMR data [3] (Xinmin et al., 
2017). And Aghda et al. adjusted porosity and permeability 
estimation by nuclear magnetic resonance [4].
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The basis of NMR measurement on the fluid bearing rock 
is that the decay or relaxation time of the NMR signals is 
directly related to the pore size. The detected signals contain 
T2 components from various pore sizes of the measured 
volume [5]. Some of the petrophysical properties such as 
porosity, permeability, and free to bound fluid ratio could 
be inferred from T2 distribution [6]. So, NMR logging does 
not provide a direct measurement of permeability; rather, 
a formation-permeability estimate, or index, is calculated 
from the spectral-porosity measurements using conventional 
permeability models that are based on a combination of 
empirical and theoretical relationships. Several permeability 
models have been developed. The main two famous accepted 
mathematical models are:
- The free-fluid (Timur-Coates or Coates) model
- The mean-T2 (the Schlumberger-Doll-Research (SDR)) 
model.
Measurements on the core samples are needed in these 
models to optimize their coefficient values to develop a 
modified model for local applications. These models assume 
that there is a good correlation between porosity, pore-throat 
size, and pore connectivity. This assumption is generally 
acceptable in sandstones, but they may not be reliable in 
carbonates [7, 8, 9, 10]. However, the Coates model and the 
SDR models cannot be directly used in the carbonates due to 
the complicated pore types, structure, and a high degree of 
heterogeneity.
 In this study, a new approach has been introduced to cluster 
reservoirs into units of high similarity. To do this, feature 
extraction analysis on NMR T2 distribution was performed 
to extract parameters showing the highest relationship with 
permeability. So, peak analysis on NMR log data using 
MATLAB programming software was employed. Relevant 
attributes of the T2 distribution affecting permeability 
extracted to use in permeability clustering model. For this 
purpose, T2Lm, TCMR, number of peaks, peak prominence, 
peak width at half prominence, kurtosis, standard 

deviation, and skewness were taken. Each parameter versus 
permeability was plotted in the studied well to make logical 
correspondence to clusters. Then, the interrelationship 
between directly derived permeability in the laboratory and 
indirect relevant NMR data were correlated. This technique 
can be used in other investigations, including optimization, 
prediction, and classification tasks.

Geological Setting
The studied oil field is located in NW of the Persian Gulf, 
about 80 km west of Kharg Island. Oil is mainly produced 
from the Albian Burgan Formation (Fig. 1) in this field. 
The Persian Gulf is divided into five zones based on the 
stratigraphic, structural, and petroleum systems. The studied 
field is located in the most prolific area. During the Albian 
time, Persian Gulf was a part of the Neo-Tethys Ocean in 
which the steadily subsiding basement developed significant 
carbonate-dominated successions. In this study, Dariyan 
Formation (in the studied field) is investigated. At the Early 
Cretaceous, a shallow carbonate platform was expanded 
in the Persian Gulf area [11]. The carbonate interval of the 
Dariyan (named as Shu’aiba in Arabian province) Formation 
was deposited on this platform during the Aptian [12, 13. 
14]. In the Persian Gulf, the upper and lower contacts of 
Dariyan Formation are with Kazhdumi (shale) and Gadvan 
(marly limestone) formations, respectively (Fig. 2). In this oil 
field, a shaly zone separated the Dariyan Formation into two 
members, which are known as the Lower and Upper Dariyan 
[15, 16].

Material and Method
Material
In this study, a well from a studied oil field was used for the 
permeability estimation by using NMR log data. The NMR 
log was CMR type for the well. In this field, Darian Formation 
was studied. Totally 387 core-derived permeability data were 
used.

Fig. 1 The studied oil field location Soroosh oil field is located in Western Persian Gulf  [21].
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Fig. 2 The Asmari and Dariyan formations location in the stratigraphic column of Zagros [22].
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Method
The extraction of relevant peak parameters (i.e. position, area) 
from a measured spectrum was performed using MATLAB 
software, providing automatic detection and analysis 
of multiple, non-overlapping, signal peaks in acquired 
waveforms. The extracted attributes from T2 distribution are:
• Peak Count: The Peak Finder function counts the number 
of local extrema in each row of the real-valued input signal 
giving the number of local extrema as outputs. 
• Amplitude: The amplitude of a periodic variable is a 
measure of its change over a single period 
• Width: It is the extent of a function between the two 
extreme values of a variable at which the dependent variable 
is equal to half of its maximum value 
• TCMR: total CMR porosity, which comes from the area 
below the NMR T2 peaks.
• T2lm: T2 Logarithmic Mean.
• Prominence: the height point of a peak’s crest above the 
lowest contour line encircling it but containing no higher 
crest in it (Fig. 3).
• Standard deviation: the standard deviation is used to show 
the amount of variation of the values of a data set.
• Skewness: in a set of statistical data, the asymmetry from 
the normal distribution is defined as skewness.
• Kurtosis: a statistical measure that is used to describe the 
distribution of data around the mean (Fig. 3).
Extracted relevant peak parameters were stored in the separate 
matrixes to perform cross-plot analysis of the features versus 
core derived permeability values to find reliable parameters 
to group rock units.

Fig. 3 The Prominences of the NMR T2 Distribution (left) and its 
Kurtosis (right).

Clustering Algorithm
Cluster analysis is a popular unsupervised categorizing 
technique. It is recognized as an important area of data 
mining in geosciences. The basic objective of clustering is to 
discover uncovered relationships within data. It gets the data 
and divides data elements into different groups (known as 
clusters). In such a way, the elements within a group possess 
high similarity but differ from those in the other group. There 
are some clustering techniques available. The focus here is 
on the K-means method, as one of the popular unsupervised 
data clustering algorithms.
The K-means algorithm takes the input parameter k, the 
number of clusters and partitions a set of n objects into k 
clusters. The main idea is to define k centroids, one for each 
cluster. These centroids should be placed cunningly because 
of different location causes different results. So, the better 
choice is to place them as much as possible, far away from 

each other. The next step is to take each point belonging 
to a given data set by associating it to the nearest centroid. 
When no point is pending, the first step is completed, and 
an early groupage is done. At this point, new K centroids are 
recalculated. A new binding must then be done between the 
same data set points and the nearest new centroid. A loop has 
been generated. The K centroids change their location step 
by step in the loop until no more changes happen. In other 
words, when centroids do not move anymore, clustering is 
completed. Finally, this algorithm aims at minimizing an 
objective function, in this case, a squared error function. 
The objective function is:

( ) 2
1 1

k k j
i jj i

j x c
= =

= −∑ ∑                                        (1)

Where 
( ) 2j

i jx c−  is a chosen distance measure between 
a data point xi

(j) and the cluster center cj, is an indicator of 
the distance of the n data points from their respective cluster 
centers.
The formal algorithm is:
1. Select K points as initial centroids
2. Repeat
3. Form K clusters by assigning all points to the closest 
centroid
4. Recompute the centroid of each cluster
5. Until the centroids do not change
The K-Means is a simple algorithm adapted to many problem 
domains and is a good candidate to work for log data points.
K-Means is based on minimizing the average squared 
Euclidean distance between the data items and the cluster’s 
center (called centroid).

Results
The core part of this study is to optimize the statistical 
parameters (m, n, and C) of the SDR model. To calculate the 
permeability, empirical values of 4, 2, and 10 are assigned 
in the SDR model for m, n, and C, respectively. Results 
were plotted against core derived permeability values (Fig. 
4). Unlike sandstones, carbonate rocks have very complex 
pore systems. Therefore, applying constant statistical 
parameters in the SDR model will cause miscalculation of 
the permeability in the carbonate rocks. Figure 4 illustrates 
that to calculate permeability from NMR logs using the SDR 
model, m, n, and C values must be determined for each rock 
type to get appropriate results. It means that permeability 
may be overestimated or underestimated from NMR logs 
using the unified calibrated SDR model (Fig. 4). To overcome 
this issue, the clustering method was applied for adjusting 
different statistical parameters for different rock types. In this 
study, for improving the applicability of the SDR model, the 
K-Means clustering method was used to classify the interval 
into several rock types. As it is mentioned previously, 
the first step in clustering analysis is to define the optimal 
number of clusters. For this purpose, selected input data was 
clustered from two to one hundred clusters, and data of each 
cluster evaluated using the criterion of the Davies-Bouldin 
value. Then, the number of optimal clusters is defined by an 
evaluation graph where the criterion of the Davies-Bouldin 
value (y-axis) is plotted versus the number of clusters (Fig. 
5).
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Fig. 4 calculation of the permeability using SDR method.

Fig. 5 Davies-Bouldin values versus the number of clusters where using the knee method that finds the “knee” in some clusters vs. clustering.

According to this plot, the optimal number of clusters in our 
case is five. So, the results of the k-means clustering with five 
clusters were used in this study. Then, appropriate values of 
m, n, and C of the SDR model in every cluster of the reservoir 
were calculated (Fig. 6). These values are obtained using the 
curve fitting tool in Matlab (Table 1). 
To intuitively illustrate the improvement of permeability 
estimation, using the calibrated SDR models based on the 
clustering method, permeabilities acquired from 2 different 

kinds of methods are compared (Figs. 6 and 7). Calculated 
permeability matches the core derived permeability samples, 
as shown in Figure 6. It can be observed that the accuracy of 
the permeability estimation is not high enough from NMR 
logs using the unified SDR model (Fig. 7). Once the interval 
is classified and the above-mentioned parameters in the SDR 
model are calibrated separately, the predicted permeability is 
improved considerably (Table 2). 

Fig. 6 clustering of the T2LM, TCMR and Peak amplitude and calculated permeability using clustering results.
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Table 1 Constant of the SDR model calibrated for each zone.
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

c 7.075e-05 1.62 0.016 4 22.09
n 2.736 1.55 1.68 2 0.402
m 0.3723 3.085 1.64 4 1.045

Fig. 7 calculated permeability using clustering results and SDR derived permeability.

Table 2 Comparison of results by statistical parameters.
Mean Meian

Core derived permeability 6.5312 0.2030
Cluster based permeability 31.5068 0.2568
SDR derived permeability 207.3692 2.1223

In Figure 8, the cross plot of the SDR permeability versus core 
permeability has been shown. The correlation coefficient is 
15.11 %. However, the correlation coefficient of the clustered 

Fig. 8 SDR permeability versus core permeability.

permeability versus core permeability increased to 24.09 % 
(Fig. 9).
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Fig. 9 SDR clustered base permeability versus core permeability.

Discussion:
In this study, the proposed predictor algorithm is presented 
for a well in the studied oil field to estimate permeability. To 
obtain appropriate permeability estimation, it is necessary to 
find high consistent and relevant input data. This study used 
cross-plot analysis input selection to identify appropriate input 
variables (Fig. 10). The analysis showed a correlation up to 

0.47. Therefore, T2lm, TCMR, and peak amplitude variables 
were used as the input parameters for the permeability 
calculation model using the clustering technique (Fig. 10). 
In contrast, prominence, width, kurtosis, standard deviation, 
skewness, and peak counts were discarded due to their very 
weak association with permeability values and trial and error 
input selection.

Fig. 10 Cross-plot showing the relationship between core derived permeability and peak amplitude (a), TCMR (b), T2lm (c), prominences 
(d), width (e), kurtosis (f), standard deviation (g), skewness (h) and peak counts (i) in training.
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The MATLAB code used for K-means clustering and Davies-
Bouldin values criterion is shown as follows:

MATLAB code used for K-means clustering and Davies-Bouldin criterion values.
%KMEANS K-means clustering.
%   IDX = K-means(X, K) partitions the points in the N-by-P data matrix X into K clusters.  
%   This partition minimizes the sum, over all clusters, of the within-cluster sums of
%   point-to-cluster-centroid distances.  Rows of X correspond to points, columns correspond to
%   variables.  Note: when X is a vector, K-means treats it as an N-by-1 data matrix, regardless of its
%   orientation.  K-means returns an N-by-1 vector IDX containing the cluster indices of each point.
%     By default, K-means uses squared Euclidean distances.
clear all, clc
a=[];
b=[];
for  j=1:100
[idx,cmeans] = kmeans(X,j,’dist’,’sqeuclidean’);
a1=[idx];
a=[a a1];
[DB, Dunn] = valid_DbDunn(X,idx);
b1=[DB];
b=[b b1];
end
plot (j,b)

Two proposed models can be used to calculate permeability 
from NMR logs. They have known as the SDR and Timur–
Coates models [17, 18, 19].The SDR and Timur–Coates 
models are expressed as follows, respectively:
K=C*ϕ^m*T2LMn                                                                    (2)
K=(ϕ/C)m*(FFI/BVI)n                                                          (3)
Where K is the permeability (in mD); T2lm is the logarithmic 
mean of NMR T2 distribution (in ms); ϕ is the total porosity 
(in %); FFI is the free fluid bulk (in %); BVI is the bulk 
volume irreducible (in %); m, n, and C are the statistical 
constants of the model, whose values can be derived from 
lab experimental data sets of the core samples. When there is 
no recorded data available for m, n, and C, empirical values 
of 4, 2, and 10, respectively, are assigned to the model [20]. 
In the following study, the SDR model has been used to 
calculate permeability since the SDR model is very popular 
in permeability estimation in practical applications [20].

Conclusions 
Unlike sandstones, carbonate rocks have very complex pore 
systems due to the digenetic overprint. It causes individual 
samples to have different proportions of primary and 
secondary porosities. Thus, the greater the porosity variety, 
the more complex the pore size distribution and the wider 
the NMR T2 spectrum. The behavior of the carbonate rocks 
is very complex and depends strongly on the proportion and 
size of the pores. Nonetheless, the TCMR, peak reading 
amplitude, and T2Lm might be a reliable way to group rock 
units. Cluster analysis performed a combination of these 
parameters, and an optimal number of five was chosen using 
a validation graph of Davies-Bouldin criterion versus the 
number of clusters. The results showed that the accuracy 
of permeability estimation is not high enough from NMR 
logs by using the unified SDR model. Once the interval is 
classified and the C, m, and n parameters in the SDR model 
are calibrated individually, the permeability prediction is 

improved considerably. This study is the first step of the 
group attempt to use T2 distribution features in permeability 
estimation in carbonate reservoirs. More investigation is 
required to reach satisfactory results to improve the value of 
the coefficient of the permeability models in the carbonate 
rocks with different petrophysical properties. 
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