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Abstract: A large database of nuclear magnetic resonance (NMR) logging data from clastic rocks
of offshore oil and gas fields of Western Australia was used to assess the performance of multi
regression analysis (MRA) to calculate NMR log outputs from conventional well logs. This short paper
introduces a set of MRA equations for the calculation of the NMR log outputs using conventional
well logs as inputs. This study shows that unlike machine learning methods the MRA approach fails
to predict most of the NMR log outputs with acceptable accuracy but can provide Coates and SDR
permeabilities with R2 of more than 0.75.
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sis; permeability

1. Introduction

The nuclear magnetic resonance (NMR) logging tool uses the response of hydrogen
to a magnetic field through T, relaxation, which is the process by which the transverse
components of hydrogen magnetisation decay [1]. In saturated porous media, the NMR
T, relaxation rate is governed by the following equation which is a function of individual
intrinsic (or bulk), surface, and diffusion relaxation processes [2]:
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where T»g, T»s, and T,p, are the bulk, surface, and diffusion transversal relaxation time in
ms, respectively.

Since in geological porous media transversal relaxation is chiefly controlled by surface
relaxation, the T, relaxation time is related to surface to volume ratio (S/V) [3]:

o FPy @

where p is the transversal surface relaxivity (um/s).

As can be seen in Equation (2), the transverse relaxation rate, 1/T), is proportional to
the surface-to-volume ratio (5/V). As a result, the relaxation of hydrogen close to the solid
surface is faster than that of those in the free-flowing fluid. Thus, the smaller pores where
hydrogens are closer to solid surfaces have a faster relaxation rate than the larger pore
spaces. This approach enables the NMR tool to provide some of the rock characteristics
such as porosity, pore size distribution, and permeability that are explained in detail in
many publications [1,4-12].

The T, distribution is generally represented by a set of eight bins porosities (BP1 to
BP8) determined by a set of T, cutoffs. For clastic rocks, the cutoffs shown in Figure 1 are
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generally used to differentiate the bin porosities and therefore to present several types of
pore systems as below:

CBW = BP1 + BP2 (©)]
BVI = BP3 + BP4 4)
FFI = BP5 + BP6 + BP7 4 BP8 ®)
8
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where BP = bin porosity; CBW = clay bound water; BVI = bulk volume irreducible;
FFI = free fluid index; @ = effective porosity; &= total porosity; and S;,, = irreducible
water saturation.
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Figure 1. The T, distribution shows clay-bound water (CBW), capillary bound fluid (BVI), and free
fluid (FFI). These properties are shown in relation to the T, signal. From [13].

The pore size distribution of the NMR logging tool has been used to calculate the rock’s
matrix absolute permeability. The two most applied equations are Coates (Equation (9))
and the SDR (Schlumberger-Doll Research, Equation (10)) models [10,14-16].
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where k = matrix permeability (mD); ¢. = NMR effective porosity (%); C = a constant
specific to the formation that reflects the correlation between the rock’s pore throat and pore
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size, and in fact, it is a function of pore geometry and is generally considered 10 as a default
value for clastic rocks; Ty1 v = the logarithmic mean of the T distribution, milliseconds;
and “a” = a coefficient that depends on formation type and has to be determined through
calibration with core porosity. “a” is generally close to four for sandstone.

This study is an attempt to assess the ability of the multi regression analysis (MRA)
method to generate NMR log outputs using conventional well logs as inputs for clas-

tic rocks.

2. Materials and Methods

More than 16,000 data points from 16 formations of WA offshore basins were used
to evaluate the performance of linear multi regression analysis (MRA) to calculate NMR
logging tool outputs. The data were collected from formations with the age range of
Permian to Tertiary from 14 wells with a complete set of CMR and conventional well logs.
Wells are located within 3 main offshore basins of WA with a depth range of from 1188 to
4138 m (Table 1).

Table 1. The list of the basins, number of data points for each formation, age, depth interval, and type
of lithology used in this study.

Basin Formation N(i,zfrg:ta Age Depth (m) Lii\l/llzll(r)lgy
Browse Bassett 380 Tertiary 1390-1408 Sandstone
Browse Grebe 1571 Tertiary 1312-1385 Sandstone
Browse Nome 167 Triassic 3823-3848 Sandstone
Browse Plover 295 Jurassic 3776-3823 Sandstone
Browse Vulcan 1130 Juras. to Cre. 3942-4138 Sandstone

N. Carnarvon Angel 941 Jurassic 3400-3700 Sandstone

N. Carnarvon Barrow 287 Cretacous 1890-1936 Sandstone
Group

N. Carnarvon Brigadier 762 Triassic 3037-3162 Sandstone

N. Carnarvon Forestier 406 Cretacous 2983-3147 Claystone

N. Carnarvon Muderong 145 Cretacous 2960-2982 Shale

N. Carnarvon Mungaroo 6868 Triassic 3045-3710 Sandstone

Perth Cattamarra 697 Jurassic 2940-3052 Sandstone

Perth Dongara 37 Triassic 1276-1281 Sandstone

Perth High Cliff 1008 Permian 1310-1476 Sandstone

Perth IRCM 498 Permian 1278-1475 Sandstone

Perth Kockatea 833 Triassic 1188-1427 Shale

The well logs used in this study as MRA inputs are density (RHOB, g/cc), Neutron
(NPHI, v/v), Photoelectric (PEF, b/e), resistivity (deep, shallow, and very shallow, ohm-m),
and sonic (DT, us/ft). Instead of gamma-ray (GR), the volume of shale (Vg, v/v) was used
since GR may vary from well to well for the same formation. Effective porosity calculated
from the density tool (PHIDe, v/v) was also included to increase MRA accuracy. Table 2
provides a brief explanation for each well log used for this study. Figure 2 shows the
variation of well logs inputs.
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Table 2. A list of typical well logs and their general applications.

Well Log Type Applications
a measure of the natural radioactivity of the whole formation near
Gamma-ray (GR) the wellbore mostly to be used to calculate the volume of
shale (Vgp).
Bulk density (RHOB) a measure of the bulk density of the formation near the wellbore

that can be used to calculate total porosity.
a measure of the bulk volume of hydrogen in the formation near
the wellbore that provides total porosity.
a measure of the travel time of sound waves in the formation near
the wellbore that can be used to calculate porosity.
a measure of photoelectric absorption that depends on the atomic
number that can indicate lithology.
a measure of the very shallow (MSFL), shallow (LLS), and deep
(LLD) resistivities surrounding the tool-including contributions
from the mud and the formation around the wellbore.

Neutron porosity (NPHI)
Sonic (DT)
Photoelectric Factor (PEF)

Resistivity logs (MSFL,
LLS, and LLD)

The volume of shale was calculated for all formations with the following general
equation to normalise the GR values:

GRIog - GRmin

Vo — (11)
o GRlogmax — GRpin

The GRpin and GRpax values are the values of the sand and shale intervals, respec-
tively, taken from the GR reading for each well.

The effective porosity was calculated by including a correction for the contribution of
shale to the log measurements. The density log was used to calculate effective porosity for
shaly formations using the following equation:

Detice = 2 — Vg " (12)
ma= f ma~— f

where ¢pgy, = shale corrected density porosity; @e = effective porosity; p, = bulk density
(g/cc); pf = fluid density (g/cc); pma = matrix density (g/cc); Vg, = volumetric fraction of
shale; pg, = shale bulk density (g/cc) that was identified for each well separately.

MRA outputs are BP1 to BP§, CBW, BVI, FFI, Swirr, Tr1y, Coates permeability
(kCoates), SDR permeability (kSDR). To increase the performance of MRA, instead of
using permeability values the logarithm of permeabilities (LogkCoates and LogkSDR) were
used as outputs. Figure 3 shows the variation of major MRA outputs.
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Figure 2. Variations of the major MRA inputs.
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Figure 3. Variations of the major MRA outputs.

Before running the MRA, all well logs were quality controlled and checked for any
possible errors. A careful depth match was conducted between NMR and other logs using
GR that was available for both NMR and conventional well logs.

3. Multi Regression Analysis Results

At first, all available conventional well logs were used as MRA inputs to predict NMR
log outputs separately. This needs to be noted that all bin porosities were also considered
as NMR outputs although they were also used in the form of CBW, BVI, and FFI too (see
Equations (3)—(5)).

Table 3 shows the generated equations and their corresponding R2 for each output. To
optimise the equations by using fewer log inputs with nearly the same accuracy in terms of
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R2, inputs with less influence were removed and new equations were generated for each
output. Table 4 shows the optimised equations for each output with their R2.

Table 3. MRA equations for the calculation of NMR log outputs. Variables with ignorable influence
are removed from the equations.

Equations R2
BP1 = —0.02629 + 0.0064RHOB + 0.0353NPHI + 0.00021DT — 0.000135PEF + 0.000004MSFLO0 + 0.003167 Vg, — 0.34
0.02648PHIDe ’

BP2 =0.0809 — 0.04334RHOB + 0.0382NPHI + 0.000475DT + 0.003513PEF + 0.000018LLS + 0.002914V}, — 0.13883PHIDe 0.46
BP3 =0.3296 — 0.13588RHOB — 0.03444NPHI + 0.0003DT + 0.010233PEF + 0.00003LLS + 0.001917V}, — 0.22825PHIDe 0.24
BP4 = 0.27838 — 0.11193RHOB — 0.06877NPHI + 0.00023DT + 0.008134PEF — 0.000038MSFL — 0.003877Vg}, —

0.14099PHIDe 0.19
BP5 = 0.12283 — 0.05146RHOB — 0.06293NPHI + 0.000508DT + 0.001021PEF — 0.000040MSFL — 0.014323V}, — 0.98
0.05593PHIDe :
BP6 = 0.06577 — 0.02436RHOB — 0.01841NPHI + 0.000189DT + 0.001628PEF — 0.000082MSFL — 0.018688V}, +
0.46
0.07862PHIDe

BP7 = —0.09329 + 0.0464RHOB + 0.14057NPHI — 0.00052DT — 0.000217PEF — 0.00008LLS — 0.02807V, + 0.2707PHIDe  0.53

BP8 = —0.10033 + 0.04855RHOB + 0.11431NPHI — 0.000431DT — 0.00247PEF + 0.000051MSFL — 0.000072LLS — 0.41
0.016974V, + 0.2044PHIDe :

CBW = 0.0546 — 0.03695RHOB + 0.0735NPHI + 0.000686DT + 0.003378PEF + 0.000018LLS + 0.00608V;, — 0.16531PHIDe ~ 0.45

BVI = 0.608 — 0.24781RHOB — 0.10321NPHI + 0.00052DT + 0.018366PEF — 0.00006MSFL + 0.00004LLS — 0.00196Vj, —

0.36923PHIDe 0.21
FFI = —0.005 + 0.01915RHOB + 0.17356NPHI — 0.000255DT — 0.00004PEF — 0.000072MSFL — 0.000128LLS + 0.72
0.000026LLD — 0.07806Vg, + 0.4978PHIDe ’
Swirr = —0.446 + 0.1997RHOB + 0.054NPHI + 0.00363DT + 0.0157PEF — 0.000166MSFL + 0.000547LLS — 0.000167LLD + 0.68
0.4621V, — 1.064PHIDe '
T2LM = —584.1 + 270.4RHOB + 396.6NPHI — 1.15DT — 14.43PEF + 0.1854MSFL — 0.3293LLS + 0.0729LLD — 111.75Vg,
0.48
+1020.4PHIDe
LogkSDR = 17.087 — 6.496RHOB + 2.3NPHI — 0.01037DT + 0.1473PEF + 0.0003MSFL — 0.004737LLS + 0.001246LLD — 0.76
3.6307Vg, + 1.220PHIDe '
LogkCoates = 18.046 — 6.608RHOB + 1.734NPHI — 0.01196DT + 0.1093PEF — 0.001087MSFL — 0.003939LLS + 075
0.000988LLD — 3.9892V, + 1.193PHIDe '
Table 4. Optimised MRA equations for the calculation of NMR log outputs.
Equations R2
BP1 = —0.02573 + 0.00617RHOB + 0.03409NPHI + 0.00021DT + 0.003236Vg}, — 0.0264PHIDe 0.34
BP2 = 0.08302 — 0.04386RHOB + 0.04394NPHI + 0.000475DT + 0.003567PEF + 0.00002LLS — 0.14572PHIDe 0.46
BP3 =0.33195 — 0.13671RHOB — 0.03013NPHI + 0.00029DT + 0.010242PEF + 0.000014LLS — 0.23291PHIDe 0.24
BP4 = 0.27469 — 0.11082RHOB — 0.07688NPHI + 0.000231DT + 0.008091PEF — 0.000034MSFL — 0.13152PHIDe 0.19
BP5 = 0.11091 — 0.04627RHOB — 0.06055NPHI + 0.000520DT — 0.000037MSFL — 0.013959Vg, — 0.05024PHIDe 0.28
BP6 = 0.06874 — 0.02397RHOB + 0.000122DT + 0.001399PEF — 0.000056MSFL — 0.021843Vy, + 0.07788PHIDe 0.46
BP7 = —0.08797 + 0.04412RHOB + 0.14170NPHI — 0.000523DT — 0.000035LLS — 0.02870V}, + 0.26720PHIDe 0.53
BP8 = —0.10246 + 0.04955RHOB + 0.11239NPHI — 0.000433DT — 0.00243PEF — 0.000041LLS — 0.0165Vg, + 041
0.20577PHIDe '
CBW = 0.0539 — 0.03664RHOB + 0.07289NPHI + 0.000685DT + 0.003393PEF + 0.000023LLS + 0.00624V}, — 045
0.16483PHIDe '
BWI = 0.6095 — 0.24855RHOB — 0.10173NPHI + 0.000523DT + 0.018308PEF — 0.00244V}, — 0.37009PHIDe 0.21
FFI = —0.004 + 0.01877RHOB + 0.17355NPHI — 0.000255DT — 0.000103MSFL — 0.000073LLS — 0.0782V}, +
0.72
0.4968PHIDe
Swirr = 0.4566 + 0.1991RHOB + 0.003828DT + 0.01645PEF + 0.000195LLS + 0.47167Vg, — 1.0569PHIDe 0.68
Torm = —590.3 + 273.3RHOB + 392.1NPHI — 1.154DT — 14.41PEF — 0.1411LLS — 110.79V, + 1023.5PHIDe 0.48
LogkSDR = 17.075 — 6.490RHOB + 2.294NPHI — 0.01038DT + 0.1475PEF — 0.004542LLS + 0.001190LLD — 3.6281V, + 076
1.227PHIDe '
LogkCoates = 18.09 — 6.629RHOB + 1.774NPHI — 0.01192DT + 0.1085PEF — 0.004654LLS + 0.001192LLD — 3.9988Vy, + 0.75

1.166PHIDe
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To assess the performance of the MRA method for clay-rich and clay-poor lithologies,
well logs were separated based on clay content. The dataset was classified based on Vg,
(Ven <50% and Vg, > 50%), to separate shale from shaly sand. A comparison of the results
showed that generally there were no improvements in the MRA performance, and even,
the performance was reduced for all of the outputs. Perhaps the performance deterioration
could be due to the reduction of the number of data points.

4. Discussion and Conclusions

In this study, the MRA method was used to generate the NMR tool’s outputs using
a large database of conventional well logs. Figure 4 shows the success of linear MRA
in providing NMR log outputs based on data in Table 4. As it can be seen from the
figure, based on the coefficient of determination (R2), the SDR and Coates permeabilities
are successfully calculated followed by FFI and Swirr. The prediction of the remaining
parameters with R2 less than 0.6 is statistically unreliable.

Coefficient of determination (R2)

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

&° (, L & & K S

Figure 4. The coefficient of determination (R2) or the success of MRA in predicting NMR log outputs.

The nature of the conventional logging tools is a way that each tool targets a specific
property of rock and its pore fluid. GR detects natural emission of gamma radiation that in
sedimentary rocks is mostly sourced from clays and therefore the tool is generally used for
Vgp calculation. The density tool, RHOB, provides the bulk density of the rock based on
the GR Compton scattering process and it is used to calculate total porosity. Neutron tool,
NPHI, provides total porosity based on the hydrogen content that is believed to mostly
reside in pore filling fluids. Sonic tool, DT, measures sound waves velocity that can be used
to calculate porosity. Photoelectric tool, PEF, uses cross-sectional capture of low energy GR
and thus can provide lithology. Resistivity tools measure the electrical resistivity of the
rock which is the function of several parameters including pore water resistivity, formation
factor, and fluid saturation. Therefore, the major application of resistivity data is to calculate
fluid saturation. In shaly formations where clay is present the interpretation of well logs
becomes complex. For example, in shaly formations all porosity tools (neutron, density,
and sonic tools) overestimate porosity. In addition, clays create excessive conductivity due
to their cation exchange capacity (CEC) and therefore result in reducing resistivity logs
readings. This makes the relation between conventional logs and NMR more intricate.
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On the other hand, the NMR logging tool uses hydrogen T, relaxation time and
provides pore size distribution based on some empirical T, cutoffs. BP1 and BP2 make up
a part of pore space that is occupied by CBW. BP3 and BP4 provide capillary pore spaces
where immobile fluids exist and are named BVI. BP5 to BP8 provide large pore spaces where
mobile pore fluid resides and is called FFI. This ability of the NMR tool to differentiate
different pore spaces is out of reach of conventional logging tools where porosity tools
such as RHOB, NPHI, and Sonic can just provide mostly total porosity regardless of their
sizes. Such a difference between NMR and conventional logging tools could be the reason
that they fail to predict bin porosities (BPs) accurately. On the other hand, it can be seen in
Tables 3 and 4 that permeability, FFI, and Swirr are the only NMR outputs that are calculated
with relatively high accuracy. The key point here is that conventional logging tools provide
total porosity which is naturally close to FFI which is the dominant porosity in sandstone
reservoirs (see Figure 3), the major rock type in this study. Consequently, conventional
logging tools fail to differentiate and predict CBW and BVI. Since for NMR’s permeability
and Swirr, FFI plays an important controlling factor consequently conventional logging
data can predict them with higher accuracy.

The same data set used in this study was used by the author to assess machine learning
methods for generating NMR log outputs [13]. The study showed that Adaptive Boosting
can predict CBW, FFI, permeability, T51y, and Swiy with an R2 of more than 0.9. This
indicates that, unlike machine learning models that can solve complex relations between
inputs and output, linear MRA fails to perform well where the relation between inputs and
outputs are complex.

In conclusion, this study indicates that the MRA can be utilised to generate NMR
permeability with relatively high accuracy from conventional logging tools for clastic rocks.
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