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Abstract

Permeability is arguably the most critical property for evaluating flow in the reservoir. It is also one of the challenging
parameters which must be measured in the field. Nuclear Magnetic Resonance (NMR) logging across the borehole is
among the popular techniques, which it is utilized to determine permeability across the reservoir. However, available
correlations in literature for estimating permeability from NMR data do not usually provide acceptable accuracy in
the carbonate rocks. Therefore, a new model is proposed to estimate permeability by establishing a relationship between core derived permeability and extracted features from the T2 distribution curve of NMR data with the ensemble
LSBoost algorithm. The feature extraction process is performed using peak analysis on T2 distribution curves which
it leads to 5 relevant parameters, including T2lm, TCMR, prominence, peak amplitude and width. The proposed model
is validated by comparing the proposed method’s correlation coefficient against Timur-Coates and SDR equation
estimation accuracy. The results show that our model generally provides better prediction accuracies in comparison
with the empirical equation-based derived permeabilities.
Keywords: NMR, T2 Distribution, LSBoost, Timur-Coates, Permeability.
Introduction
Permeability is of great importance in evaluating
formation and deliverability prediction because it is a
rock property related to the rate at which hydrocarbons
can be recovered. It is common to estimate permeability
using simple porosity-permeability correlation, which
is usually derived from core data [1]. However, the
porosity and permeability are not strongly correlated
in carbonate reservoirs, which it indicates that other
deciding parameters are involved [1].
The basis of NMR measurements on the rocks with a
fluid is that the decay or relaxation time of the NMR
signals, T2, is directly related to the pore size.
The NMR signal detected from a fluid-bearing rock
contains T2 components from every different pore size
in the measured volume [2]. Some of the petrophysical
properties such as porosity, permeability, and free to
bound fluid ratio can be inferred from T2 distribution [3].
Due to the NMR’s inability to log in to provide a direct
measurement of permeability, several permeability
models have been developed, and permeability can be
calculated from the T2 distribution data using one of two

commonly accepted mathematical models:
• The free-fluid (Timur-Coates or Coates) model
• The mean-T2 (the Schlumberger-Doll-Research (SDR))
model.
In these models, core sample measurements are
necessary to refine the model by determining
the correct coefficients’ values and generating a
customized model for local uses. These models assume
that a good correlation exists between porosity, porethroat size, and pore connectivity. This assumption is
generally acceptable in sandstones, but model-derived
permeabilities may not be reliable in carbonates. The
Coates model and the SDR models cannot be directly
used in carbonates due to the complicated pore types,
structures, and a high heterogeneity degree. The
current study proposes a new approach for boosting the
permeability estimation in carbonate reservoirs from
performing feature extraction analysis on NMR T2
distribution and LSBoost ensemble technique [4]. The
main section of the suggested process is performing
feature extraction analysis on NMR T2 distribution to
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extract parameters demonstrating a relationship with
permeability [5]. The principle steps of the methodology
are illustrated in Figure 1. The reliability of the technique is
verified by the application of the samples from two wells at
different oil fields.

Fig. 1 Flowchart of proposed methodology.

Geological Setting
These oil fields are located in Dezful Embayment and
Western Persian Gulf zones respectively, as seen in Figure 2.
The Dezful Embayment is a part of the Zagros folded-thrust
belt, and it contains most Iranian oilfields [6]. The Dezful
Embayment borders are three faults: Mountain front fault,
Balarud fault and Kazerun fault [7].
In this study, the Asmari (in field A) and Dariyan formations
(in field B) were evaluated. The Asmari carbonate platform
was developed during the Oligocene to Miocene [8]. This
formation is deposited over the Pabdeh Formation in the
southwestern part of the Zagros folded-thrust belt. However,
it is mainly settled over the Jahrum formation in the Fars
province. On the other hand, the Asmari Formation is
present in all segments of the Zagros basin (Fig. 3), but its
best development is in Dezful Embayment [9]. In the Fars
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province, the Asmari formation thickness is almost 180
meters, but in the Dezful Embayment, the thickness reaches
450 meters [9].
At the Early Cretaceous, a shallow carbonate platform
was expanded in the Persian Gulf area [10]. The carbonate
interval of the Dariyan (named as Shu’aiba in Arabian
province) formation overlaid with on this platform during the
Aptian [11,12,13]. In the Persian Gulf, the upper and lower
contacts of the Dariyan formation are with Kazhdumi (shale)
and Gadvan (marly limestone) formations respectively (Fig
3). In the Soroosh oil field, the Dariyan formation is divided
into two members: the lower and upper Dariyan [14].
Materials and Methods
Materials
In this study, two wellbores from A and B oil fields were
used for the permeability estimation by using NMR log
data. The NMR logs were CMR type for the two wells.
Dariyan and Asmari formations were studied in fields B and
A, respectively. Five hundred eight core permeability data
were used for the two studied wells, including 387 core
permeability data from the field B and 121 core data of the
field A.
Methods
NMR Log Data
Determining the T2 distribution is of the most significant
importance in NMR data analysis. This step is a mathematical
inversion process called echo-fit or mapping. Due to the
continuous T2 distribution of the rock, a multi-exponential
model is being utilized by the mapping process that assumes
the T2 distribution comprises m discrete relaxation times, T2i,
with corresponding porosity portions, ϕi. Equations (1) and
(2) display the system of equations, and their matrices that
present individual echoes [15].

Fig 2. The studied oil fields location. Field A is located in Dezful Embayment next to the Balarud fault and field B is located in Western
Persian Gulf.
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Fig. 3 The Asmari and Dariyan Formations location in the stratigraphic column of Zagros [8].
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where t(i) is the time when the ith echo was acquired (Fig. 4).

Fig. 4 The echo train (amplitude as a function of time) is mapped to
a T2 distribution [15].

Permeability Prediction Background
In recent decades, the nuclear magnetic resonance method
is used to calculate permeability [5,16]. Some of the
petrophysical properties such as porosity, permeability, and
free to bound fluid ratio can be inferred from T2 distribution
which is directly related to the pore size [17]. Therefore, NMR
logging cannot provide direct measurements of permeability.
The Formation-permeability index is calculated from the
spectral-porosity measurements using permeability models
that are based on a combination of empirical and theoretical
connections. The two established equations for deduction of
permeability from NMR T2 distribution data measurements
are the free-fluid (Timur-Coates or Coates (TC)) equation
[18,19]:
4

Φ
  BV M 
K TC =
a ×  NMR  × 

 100   BV I 

2

(3)

and the mean-T2 (the Schlumberger-Doll-Research (SDR))
equation which was pesented by Kenyon et al in 1986 [20]:
(4)
K S DR = b × (Φ NMR ) 4 × (T 2 _ log mean ) 2
KSDR = Schlumberger-Doll-Research permeability [md]
ΦNMR= NMR measurement porosity in [pu]
BVM = bulk volume movable in [pu]
BVI = bulk volume irreducible in [pu]
T2_log mean = logarithmic mean of T2 distribution in [ms]
a = empirical proportionality constant in [ms2]
b = empirical proportionality constant in [m2/ms2]
Performing Peak Analysis
A common requirement in scientific data processing is

(2)

to detect peaks in a signal and to measure their positions,
heights, widths, areas or number of peaks. In this study, the
relevant peak parameters were extracted from a measured
spectrum performed with MATLAB software (Signal
Processing Toolbox), which offers the detection and analysis
of NMR T2 distribution signal peaks in acquired waveforms.
The extracted attributes from the T2 distribution are:
• Peak Count: The Peak Finder function counts the local
extrema number in each row of the real-valued input signal,
releasing the number of local extrema as an output.
Amplitude: The amplitude of a periodic variable is a
measurement of its change over a single period (Fig. 5).
• Width: It is the extent of a function between the two extreme
values of the variable at which the dependent variable is
equal to half of its maximum value (Fig-5).
• 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 crest above the
lowest contour line encircling it but containing no higher
crest.
• Standard Deviation: the standard deviation is used to show
the 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 was used to describe data
distribution around the mean (Fig.5).
Extracted relevant peak parameters are stored in separate
matrixes to perform cross plot analysis versus core derived
permeability values to find reliable parameters to estimate
the rock permeability.
LSBoost Algorithm
As a general method, boosting can improve any learning
algorithm [21,22]. Moreover, the Boosting method is one
of the popular ensembles learning methods used in machine
learning [23]. There are plenty of boosting algorithms,
including AdaBoost, LogitBoost, GentleBoost RobustBoost.
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Fig. 5 The width and Amplitude of the NMR T2 hump (left) and its
Kurtosis (right).

Only LSBoost ensemble function is a suitable boosting
technique for forecasting problems and regression [24],
derived from the Friedman gradient-based boosting machine
[25].
A ‘fit ensemble’ function was used by the boosting algorithm
in which the weak learner has to be selected appropriately.
The advantage of the boosting method lies in combining
a series of weak classifiers to generate a very important
“committee”. It can improve accuracy with iteration. The
LSBoost locates a new learner at every step to the difference
between the observed and the piled prediction responses of
all learners, which are grown beforehand.
The weight values through repeated training will be adjusted
by LSBoost to reduce error rates. A series of regression trees,
which are called weak learners (B), is used by the LSBoost
to minimize the mean squared error (MSE) between variable
target Y and the aggregated prediction of the weak learners
(Ypred) based on the Cherkassky and Ma method, presented
in 2009 [26].
The LSBoost onsets with a primitive aggregated-prediction
guess of the target variable (Ỹ) median as a function of
the predictor variables (X). Afterwards, it mixes multiple
regression models B1, . . ., Bm in a weighted manner to boost
overall predictive results [25]:
Y



=
(X ) Y

pred

M

( X ) +v ∑ ρm B m ( X )
m =1

(5)

where M is the total number of weak learners, ν with 0< ν <1
being the learning rate, and ρ_m is the weight for model m.
The algorithm is briefly described in algorithm 1, where x and
y represent the explanatory variable and response variable
respectively. More details could be found in previous studies
[27,28].
The following algorithm (Algorithm 1) is used to solve the
problem, i.e. permeability estimation in carbonate reservoirs.
Algorithm 1. The LSBoost algorithm.
Input: A training set {(xi,yi}ni=1, a loss function L (y-F) = (yF)2⁄2, number of iterations M
Initialize, F (x) = ȳ
For m = 1 to M do:
ȳi = yi – Fm-1 (xi), i=1,…Ni
(ρm, ɑm) = arg min ɑ,ρ ∑Ni=1 [Ỹi – ρh(xi; ɑ)]2
Fm(x)= Fm-1(x) + ρmh(x, ɑm)
End for
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Output: The final regression function Fm(x).
Results and Discussion
In this study, a prediction model was proposed to estimate
the reservoir permeability. To estimate an appropriate
permeability, the input layer was required to include all
relevant information on the target data.
A cross plot analysis was used in this study while a trial
and error input selection method was applied to identify
appropriate input variables (Fig. 6).
The analysis showed a correlation coefficients of up to 0.47
between core derived permeability and NMR extracted
parameters. Therefore, T2lm, TCMR, prominence, peak
amplitude and width variables were chosen as the input
parameters for constructing the permeability estimation
model (Fig. 6). In contrast, the kurtosis, standard deviation,
skewness and peak counts were discarded due to their very
weak association with permeability values and the trial and
error input selection. At this level, the regression ensemble
model (LSBoost) was constructed by MATLAB, and selected
input parameters were subjected to model permeability
values.
Based on the proposed technique, two wellbores located
in the two different Iranian fields were processed, and the
corresponding carbonate permeability was estimated. In
regard to the permeability prediction, it can be observed by us
that a relationship exists between T2lm, TCMR, prominence,
peak amplitude and width, which they were extracted from
field NMR log data and measured core permeability. Such a
relationship enables us to predict the permeability values by
using artificial intelligence systems, leading to little errors in
permeability estimation.
In Fig-7, the tracks 1 to 7 are indicating Depth, Gama Ray,
Caliper-Bit Size, Neutron-Density, UBI image log, OBMI
image log and T2 distribution.
The Neutron and Density logs are overlain in the total
interval, demonstrating that the main lithology is limestone.
The T2 distribution is almost bimodal, and some breakouts
can be seen in the UBI image log.
Fig. 8 shows a field example of NMR data-derived attributes
and permeability estimation in the well in field B. In this
figure, the displayed T2lm curve in the first track is the
logarithmic mean of the NMR T2 distribution, which was
acquired from the CMR tool. The second track is the total
CMR porosity.
Furthermore, tracks 3 to 5 show peak amplitude, width
and prominence, extracted by performing peak analysis on
NMR T2 distribution curves. In the sixth track of Fig. 8, the
curve of predicted permeability is shown with routine core
derived permeability plotted on top of that, which is the bestcompiled presentation for showing log correlations.
The correlation coefficient of core derived permeability
versus LSBoost predicted permeability is displayed in Fig.
9, which is computed as 0.8833 for the well in the field B.
To intuitively illustrate the improvement of permeability
prediction using intelligent methods, a comparison made
between acquired permeabilities from three different
methods, including one inelegant-based method known as
LSBoost and two empirical methods involving the TimurCoates (or Coates) and the SDR models (Fig. 10).
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Fig. 6 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.

Fig. 7 The NMR T2 distribution, Image logs and fullset data of the studied well in the field B
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Fig. 8 The T2 distribution attributes which used for the permeability estimation in studied well in the field B.

Fig. 9 The correlation between the estimated and core permeability
in the field B.

Fig. 10 Comparison of the estimated permeability with the SDR and
Coates methods of the well 31in the field B.

Demonstrated results in Fig-10 indicate that there are large
discrepancies between the core derived and SDR and Coates
derived permeabilities. In both types of models, permeabilities
are overestimated. Hence, it can be inferred that in carbonates,
empirical model-derived permeabilities could not be reliable.
However, the third track of the Fig. 10 shows that predicted
permeabilities using the LSBoost method are appropriately
matching the core derived ones. From these comparisons, it
can be observed that LSBoost model outperform the SDR and
Coates permeability derived models , as seen in Fig. 11.
In Fig. 12, the tracks 1 to 5 are indicating Depth, Gama Ray,
Caliper-Bit Size, Neutron-Density and NMR T2 distribution.
These well data are related to the field A. The main lithology
in this interval is dolomite, and the wellbore wall condition

is very good. The NMR-derived attributes and estimated
permeability by using the boosting are shown in Fig. 13.
The correlation coefficient between the estimated and core
permeability is 0.8588 in this well (Fig. 14).
As can be seen in Fig. 15, the SDR and Coates derived
permeabilities are closer to core permeability (compared to the
well in the field B), but the estimated permeability by using
the boosting method is more consistent with core permeability.
The cross plot of different methods in this well is shown in
Fig. 16. The experimental results available in the literature
show that this regression model outperforms other existing
models by representing a good matching between measured
and predicted values, resulting in bigger values for R-squared
[4,29, 30, 31].
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Fig. 11 Comparison the correlation of the estimated permeability with the SDR and Coates methods of the well in the field B.

Fig. 12 The NMR T2 distribution and fullset data of the studied well in the field A.

Sh. Parchekhari et al.

Fig. 13 The T2 distribution-derived parameters which used for the
permeability estimation in studied well in the field A.
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Fig. 14 The correlation between the estimated and core permeability
in the studied well in the field A.

Fig. 15 Comparison of the estimated permeability with the SDR and Coates methods in the in the field A.

Fig. 16 Correlation of the estimated permeability with the SDR and Coates methods in the field A.
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Conclusions
Carbonate reservoirs are invariably heterogeneous due to
the complex depositional and diagenetic environments. In
most of the carbonate reservoirs, fluid flow characteristics
are generally difficult to predict, and equation-derived
permeabilities may not be reliable. In this study, a new
technique is proposed for predicting the permeability from
NMR data. According to the best of our knowledge, this
is the first time, the peak analysis was applied to NMR T2
distribution to do the permeability forecasting while being
integrated with boosting regression. Moreover, it was
shown that in comparison with KSDR and KTC methods,
the proposed method could significantly improve prediction
accuracy. The new method was derived by considering the
link between the extracted features from T2 distribution,
including T2lm, TCMR, prominence, peak amplitude and
width and core derived permeability in a porous medium. It
was formulated using LSBoost ensemble regression algorithm
as a new application of machine learning method in the
analysis of intricate geological data. Extracted features are
obtained by performing peak analysis on the T2 distribution
NMR log data. The resulting permeability prediction was a
satisfactory match with the core derived permeability with
a correlation coefficient of 0.85 and 0.88 in fields A and B.
The results are better than permeability predictions resulting
from the free-fluid (Timur-Coates or Coates) equation (R2 of
0.09 and 0.31 in the fields B and A respectively) or the SDR
equation (R2 of 0.08 and 0.44 in fields B and A respectively).
Consequently, it could be said from quantitative comparisons
of the estimated permeability and core derived permeabilities
that the use of boosting ensemble methods generates more
accurate predictions than equation-based methods.
Nomenclatures
MSE: Mean squared error
NMR: Nuclear magnetic resonance
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