
Research Article
Representative Elementary Volume of Rock Using X-Ray
Microcomputed Tomography: A New Statistical Approach

Taufiq Rahman,1 Hamed Lamei Ramandi ,2 Hamid Roshan,2 and Stefan Iglauer3

1Department of Petroleum Engineering, Curtin University, WA 6151, Australia
2School of Minerals and Energy Resources Engineering, UNSW Sydney, NSW 2052, Australia
3School of Engineering, Edith Cowan University, WA 6027, Australia

Correspondence should be addressed to Hamed Lamei Ramandi; h.lameiramandi@unsw.edu.au

Received 1 April 2020; Revised 6 August 2020; Accepted 7 August 2020; Published 1 September 2020

Academic Editor: Jianchao Cai

Copyright © 2020 Taufiq Rahman et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Rock heterogeneity is a key parameter influencing a range of rock properties such as fluid flow and geomechanical characteristics.
The previously proposed statistical techniques were able to rank heterogeneity on a qualitative level to different extents;
however, they need to select a threshold value for determination of representative elementary volumes (REV), which in
turn makes the obtained REV subjective. In this study, an X-ray microcomputed tomography (μCT) technique was used to
obtain images from different porous media. A new statistical technique was then used to compute REV, as a measure of
heterogeneity, without the necessity of defining a threshold. The performance of the method was compared with other
methods. It was shown that the calculated sum of the relative errors of the proposed method was lowest compared to the
other statistical techniques for all tested porous media. The proposed method can be applied to different types of rocks for
more accurate estimation of a REV.

1. Introduction

Accurate determination of rock heterogeneity is critical for a
variety of industrial applications; for instance, it plays a key
role in determining the reservoir’s ability to recover oil and
gas [1–4], carbon geostorage efficiency [5–8], contaminant
mitigation and natural source zone depletion [9, 10], water
discharge and extraction rates [11, 12], or geothermal energy
production feasibility [13–15]. It is thus essential to under-
stand rock heterogeneity in detail so that reliable predictions
can be made and the targeted processes can be further
optimised.

Heterogeneity is formed as a result of a verity of geologi-
cal processes such as deposition, diagenesis, erosion, and
structural deformation that ultimately control the geometry
of sedimentary deposits [11]. Heterogeneity, thus, is a multi-
scale phenomenon that reflects the complexity of a geological
formation. It is significant at different length scales: from
submicron subgrain scale, which may include biogeochemi-
cal features such as skeleton structures of biological species

forming limestone [16, 17] or grain distribution effects
[18, 19], to micrometre heterogeneities induced by different
grain shapes and sizes [20], to eventually millimetre to cen-
timetre fractures in the rock generated by geomechanical
processes [21, 22] or at even larger scale faults, which have
been created by tectonic movements [17, 23].

Knowledge of flow in micrometre pore scale is required
to understand macroscopic characteristics of flow in porous
media; thus, prior to performing upscaling exercises of petro-
physical properties [24–27], the accurate characterisation of
the porous media at pore scale is crucial for quantifying the
heterogeneity of a large system. The pore-scale properties
can then be upscaled to core scale or even larger scales.
Several works have been conducted to deal with upscaling
nonadditive properties of heterogeneous porous media,
such as permeability, from the pore scale to the core scale,
for example, applying dual-scale pore network models
linking pores at different length scales [28] or a direct
numerical simulation method for coupling pores at differ-
ent length scales [4, 29].
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One of the methods for quantifying the heterogeneity is
using the representative elementary volume (REV), which
has been applied to different rock types [30–32]. The REV
is defined as the minimum volume of a rock that is represen-
tative of any larger volume, provided that the next level of
heterogeneity at a larger scale has not been reached [33]. This
concept is visualised in Figure 1 by plotting porosity against
rock volume. The point at which the parameter, i.e., porosity
in Figure 1, becomes constant identifies the REV. While a
practical REV is required for performing reservoir simula-
tions and providing geological and fluid dynamical predic-
tions, due to experimental limitations originated partly
from rock heterogeneity, a constant value cannot be generally
obtained. Statistical methods such as direct observation anal-
ysis and nonlinear regression modellings, which employ
standard deviation of porosity, coefficient of variation of
porosity, or relative gradient error of porosity as predictors
[20, 33–35], are therefore used to provide an estimate of
REV. Nevertheless, these methods have some limitations in
finding the value of REV. Visual observation, as discussed
by Costanza-Robinson et al. [20], has the least accuracy,
and the other three methods highly depend on the way of
choosing their threshold values [34, 35].

In this work, an X-ray microcomputed tomography
(μCT) technique is employed to acquire high-resolution
3D images from different porous media for observing
detailed pore morphology at micrometre to millimetre
scale. These digital porous media were then subsampled,
and their REVs were computed using different methods
and compared with a new method proposed in this study.
The proposed method uses linear regression to determine
the volume at which the standard deviation of porosity
is minimised. A weighted regression is then employed in
which the estimated REV is imputed, and the correspond-
ing porosity is estimated.

2. Methodology

2.1. Samples. Five porous media with different level of hetero-
geneities, as presented in Table 1, were selected including a
highly homogeneous glass bead pack as a benchmark, a sand

pack, two outcrop sandstones (Bentheimer and St. Bees), and
one outcrop carbonate (Mount Gambier). In the case of the
outcrop rocks, cylindrical core plugs of approximately
5mm in diameter and 5-10mm in length were cored from
larger blocks. The unconsolidated materials were packed in
hollow plastic cylinders.

2.2. X-Ray Microcomputed Tomography Imaging. The sam-
ples were imaged in a dry state with an Xradia Versa
XRM500T μCT instrument at a resolution of ~4μm3. The
subvolumes of the samples (~3mm3) were imaged to mini-
mise beam hardening, i.e., to improve image quality [36].
The raw images were then filtered using a 3D nonlocal means
filter [37] and segmented with a watershed algorithm [38], as
shown in Figure 2.

2.3. Digital Measurements. The porosity was calculated by the
ratio of the number of voxels in the void phase (pore space)
to the total number of voxels (bulk volume) in the segmented
image. As shown in Figure 1, the porosity (ϕi) can vary with
sample volume (V) because of heterogeneity. The images
were randomly subsampled into a number of different subvo-
lumes (subsamples), with the condition of no overlap.
Figures 3 and 4 exemplify the subsampling method and illus-
trate the pore space of the digital Bentheimer subsamples
with different sizes. Table 2 provides the size of different
subsamples. In total, 105 subsamples were acquired. The sub-
samples ranged from 1003 voxels to 300 × 600 × 600 voxels,
which corresponded to a volume range of ~0.04mm3 to
~10.38mm3 for the subsamples with different image resolu-
tions (voxel sizes).

3. Results and Discussion

3.1. Visual Interpretation. One of the simplest techniques to
determine REV is plotting porosity values against sample
volume, as suggested by Bear [33]. Application of this
method to the digital porous media is displayed in Figure 5.
It is seen that (a) there is a notable variance of porosity asso-
ciated with the samples from the smallest volume, which is
related to heterogeneity [34], and (b), as expected, this vari-
ance narrows with the increase of volume. This implies that
a REV can be estimated at sufficiently low variance. In terms
of point (a), the variance is particularly significant for vol-
umes smaller than 0.1mm3, and it ranges from ±10% for
the highly homogeneous glass bead pack to ±100% for the
highly heterogeneous carbonate. The variance of porosity
can be thus used as a qualitative indicator for rock
heterogeneity.

The results of REV assessment, using Figure 5, by
visual inspection, is provided in Table 3. The average
porosity (Figure 5) follows the trend described by Bear
[33]. However, this is a highly subjective analysis. In par-
ticular, the technique of looking at the data points does
not provide a clear indication of where exactly the REV
need to be placed.

3.2. Standard Deviation Analysis. Another method for identi-
fying the cut-off (i.e., the REV value) is applying a mathemat-
ical criterion. The unbiased standard deviation s, Equation
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Figure 1: Definition of the representative elementary volume
(REV): the point at which the petrophysical parameter (here
porosity) turns constant is the minimum REV (the area between
the two discontinues lines).

2 Geofluids



(1), [39] was used to perform the analysis on the samples.
Recalling that the sample volume was subsampled into
the ith size,

s =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑k

i=1 ϕi − ϕ
� �2
N − 1 ,

s
ð1Þ

where s is the standard deviation (unbiased estimate), ϕi is
the porosity measured for the ith subvolume (i = 1, 2, 3,⋯k),
ϕ is the arithmetic average of the porosity of the ith subvo-
lume, N is the total number of subsamples taken, i is the
smallest subsample, and k is the largest subsample; the poros-
ity variance as a function of volume can then be assessed by
plotting si versus subsample volume (Figure 6).

Table 1: Details of the digital porous media.

Porous medium Resolution (μm) Volume (voxels) Volume (mm3)

Glass bead pack 3.40 646 × 726 × 906 16.70

Sand pack 4.09 682 × 691 × 879 28.34

Bentheimer sandstone 4.58 657 × 667 × 682 28.73

St. Bees sandstone 3.78 675 × 694 × 816 20.65

Mount Gambier carbonate 4.58 663 × 706 × 701 31.54

Filtered
(2D slice)

Segmented
(2D slice) Pore space Matrix solid

Glass bead pack

Sand pack

Bentheimer

St. Bees

Mount Gambier

1 mm 1 mm

1 mm 1 mm

1 mm

1 mm

1 mm 

1 mm 1 mm

1 mm1 mm

1 mm1 mm 1 mm

1 mm 1 mm1 mm

1 mm 1 mm 1 mm

Figure 2: From left to right: raw 2D image slice through each porous medium (dark = pore space; grey and white = solid phase), segmented
2D image slice (blue = pore space and black = solid phase), 3D pore spaces (blue = pore space and transparent = solid phase), and 3D rock
matrix (different colours indicate different grain sizes).
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As seen in Figure 6, the standard deviation rapidly drops
with increasing subvolume, but the slope of the decay also
rapidly decreases, approximately following a power-law rela-
tion s = AVb, where A and b are the least square nonlinear
regression fitting parameters and V is the subsample volume
(Table 4). While the power-law exponents b are all in the
range (0:5 ± 0:2), coefficient A causes the largest difference
in terms of REV. Note that the most homogenous sample,
i.e., the glass bead pack, has the smallest coefficient and expo-
nent, and the most heterogeneous sample, i.e., the carbonate,
has the largest coefficient A. The exponent b is likely related
to the grain size as the sand pack has the largest b and the
largest grains.

The standard deviation curves in general give a good
indication of heterogeneity, and different samples can be
readily compared. However, a threshold value is required
to determine the REV. Table 5 shows that a smaller
threshold value resulted in a larger REV. At the same
time, a smaller threshold had higher accuracy. REV thus
strongly depends on the required accuracy. The experi-
mental accuracy of a standard helium pycnometer, ±0.5%
[40], was used as a threshold value, Figure 6 (dashed black
line). It was found that the glass bead pack consistently
had the smallest REV (0.4mm3 at 0.5% threshold) indicat-
ing that the sample was very homogenous, in contrast to
Mt. Gambier, which always had the highest REV and thus
was a very heterogeneous rock.

The results were consistent with data reported by
Zhang et al. [35], who measured a REV of 5mm3 for
Brent Triassic sandstone and a REV of 2mm3 for a
crushed glass bead pack (0.5% threshold), and Stroeven
et al. [39] conclude that the REV for a densely packed sys-
tem is significantly lower than for a less dense pack, as
presented in Figure 2 and Table 5. It was found that the
grain size had likely a major impact on REV, which was
also reflected in the relatively high REV values of the sand
pack (Table 5); even though the sand pack was compara-
tively significantly more symmetrically formed, it had large
grains.

3.3. Coefficient of Variation. The coefficient of variation, CV,
Equation (2) [41], is unitless and therefore useful when com-
paring variation between datasets with substantial differences
in their means. CV can be used for a REV analysis in a similar
way as s.

CV = s

ϕ
: ð2Þ

The plot of CV as a function of subvolume (Figure 7)
shows that CV rapidly decreases with increasing sample vol-
ume. The CV values again can be approximated using power-
law relations (Table 6), similar to s, as CV and s are closely
related (Equations (1) and (2)). The exponents and the ratios
between the coefficients of CV (Table 6) and s (Table 4) fit-
ting equations are similar, although the nominal values are
different. Similar to the standard deviation analysis, a cut-
off value needs to be selected to obtain REV. Three thresholds
(Table 7) were tested, and it was again observed that REV
strongly depended on the threshold value.

Table 7 indicates that the carbonate rock had the largest
heterogeneity as expected, followed by St. Bees sandstone,
while the glass bead pack was the most homogeneous media.
By looking at the μCT images, it seemed that the Bentheimer
was more homogeneous than St. Bees because of its more
symmetrical structure. However, the grain size in St. Bees
was substantially smaller than in Bentheimer, as seen in
Figure 2; thus, the grain size was a key factor, which strongly
influenced REV.

Zhang et al. [35] measured a REV of 0.02mm3 for a Brent
Triassic sandstone (porosity = 15:2%) at a CV = 0:2. Their
result is consistent with the observations in this study;
nevertheless, using CV = 0:05 delivers results that are more
compatible with pycnometric measurements (Table 7). The
consequence of using such a CV cut-off is, however, notice-
able; REV increases ~100-fold, assuming the sandstones are
somewhat similar, which seems likely. This threshold value
can thus considerably change the REV and has to be selected
carefully, and it needs to be compatible with any subsequent
analysis, e.g., NMR measurements, which can observe
individual atoms [42], and may need a different accuracy
level than for instance capillary pressure-water saturation
measurements where volume balances in core plugs are
considered [43].

3.4. Relative Gradient Error Criterion. An alternative method
for determining REV is the relative gradient error (εg) analy-
sis, Equation (3) [20]:

εg =
ϕi+1 − ϕi−1

ϕi+1 + ϕi−1

����
���� 1ffiffiffiffi

V3
p , ð3Þ

where ϕ is the porosity, i is the subsample number, and V is
the volume of the subsample.

Figure 8 presents the plot of computed εg for all samples
versus sample volume; again, it is seen that εg rapidly drops
with increasing subvolume, and the data are much closer to

1 mm 

Figure 3: Illustration of the subsampling method in the digital
Bentheimer sample. Subsample volumes shown are 3003 voxels
(1mm3). Only eight corner subsamples are shown in blue for
better visualisation.
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each other especially after 1mm3 subvolume. This is also
reflected in the statistical fits through the data points
(Table 8), where generally high power-law exponents (~-0.5
to -2.2 with a median b value of -1.6) were calculated.

Similar to the other statistical methods, to determine
REV, a threshold value had to be selected, which similarly
showed a significant influence of the threshold value
(Table 9). This influence was, however, smaller than where
s or CV analysis was used, mainly because of the lower sensi-
tivity of εg analysis, i.e., more similar numbers and curves
generally need to be compared in the εg analysis. For
instance, the glass bead pack had εg values smaller than
0.1mm3 for all thresholds tested while the REVs of the other
four samples could hardly be accurately distinguished with
the εg approach. Note that Costanza-Robinson et al. [20]
prescribed εg < 0:2 as a threshold value, which, however,
led to low accuracy in this case (Table 8). It, therefore, seems
that the s and CV analysis are both superior to the εg
method while the relative gradient error method is still
superior to the visual method, consistent with Costanza-
Robinson et al. [20].

3.5. Regression Modelling. To avoid the threshold choice in
the above methods and therefore have a unique solution to
REV value, a new method to estimate the volume of each
rock is proposed in this study, at which point the variance
of the porosity is minimised. To achieve this, a linear regres-
sion model is used, where volume is modelled as a function of
the standard deviation of porosity. The standard deviations
of the smallest subvolumes are identified as outliers and
excluded from the model as they added unnecessary noise.
To ensure the normality of the residual errors, the volume
is modelled as logeðVolumeÞ:

logey = β0 + β1x + ϵ, ð4Þ

where y is the volume, x is the standard deviation of the
corresponding volume, β0 is the constant, β1 is the slope
parameters, and ϵ is the error term of the regression
equation.

To minimise the standard deviation in this equation, it is
assumed to have a theoretical value of zero. When x is zero,
the equation becomes logey = β0, and therefore, the volume

0.3 mm 0.5 mm 0.7 mm 0.9 mm 1 mm 

Figure 4: Pore space visualisations of digital Bentheimer subsamples. From left to right: the following subvolumes are shown: ~0.04mm3,
~0.13mm3, ~0.31mm3, ~0.61mm3, and 1mm3 (1003, 1503, 2003, 2503, and 3003 voxels).

Table 2: Size of the subsamples analysed.

Subsample size (voxels) Number of subsamples
Volume (mm3)

Glass beads Sand pack Bentheimer St. Bees Mount Gambier

300 × 600 × 600 2 4.25 7.39 10.38 5.83 10.38

200 × 600 × 600 3 2.83 4.93 6.92 3.89 6.92

150 × 600 × 600 4 2.12 3.70 5.19 2.92 5.19

250 × 300 × 600 4 1.77 3.08 4.33 2.43 4.33

100 × 600 × 600 6 1.42 2.46 3.46 1.94 3.46

200 × 250 × 600 6 1.18 2.05 2.88 1.62 2.88

300 × 300 × 300 8 1.06 1.85 2.60 1.46 2.60

200 × 200 × 600 8 0.94 1.64 2.31 1.30 2.31

150 × 250 × 600 8 0.88 1.54 2.16 1.22 2.16

250 × 250 × 250 8 0.61 1.07 1.50 0.84 1.50

150 × 150 × 600 10 0.53 0.92 1.30 0.73 1.30

200 × 200 × 200 10 0.31 0.55 0.77 0.43 0.77

150 × 150 × 150 12 0.13 0.23 0.32 0.18 0.32

100 × 100 × 100 20 0.04 0.07 0.10 0.05 0.10
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Figure 5: Empirical porosity variation (blue points) in the subvolumes of the five samples examined: (a) glass bead pack, (b) sand pack,
(c) Bentheimer sandstone, (d) Mount Gambier carbonate, and (e) St. Bees sandstone. The green line indicates the arithmetically averaged
porosity of the sample. The vertical red line indicates the REV found by visual inspection.

Table 3: Porosities and REV properties of the five samples analysed.

Porous medium Porosity sample∗ (%) Variation∗∗ REV∗∗∗ (mm3)

Glass bead pack 35.35 ±10% 2.8

Sand pack 35.18 ±67% 4.9

Bentheimer sandstone 18.07 ±30% >10
St. Bees sandstone 16.27 ±100% >7.5
Mt. Gambier carbonate 40.54 ±100% >10
∗Of the largest volume investigated. ∗∗Porosity variation for 0.1 mm3 subvolumes. ∗∗∗By visual inspection.
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Figure 6: Porosity standard deviations of the five samples versus subvolume size. The dashed horizontal black line is the 0.5% threshold. The
power-law fit for Mt. Gambier is indicated as a thin black line.

Table 4: Fitting equations for the REV analysis using the standard deviation approach.

Porous medium Fitting equation A b

Glass bead pack s = 0:3785V-0.298 0.3785 -0.298

Sand pack s = 2:1761V-0.744 2.1761 -0.697

Bentheimer sandstone s = 1:2637V-0.362 1.2637 -0.362

St. Bees sandstone s = 1:2302V-0.421 1.2302 -0.421

Mt. Gambier carbonate s = 4:3488V-0.382 4.3488 -0.382

Table 5: Influence of threshold value on REV, standard deviation technique. Associated equations are listed in Table 4.

Porous medium Threshold (% porosity) REV (mm3) from data curve REV (mm3) from fitting equation

Glass bead pack 0.5 0.3 0.40

Sand pack 0.5 4.85 7.40

Bentheimer 0.5 4.3 10.40

St. Bees sandstone 0.5 5.1 >6
Mt. Gambier carbonate 0.5 >10.5 >10.5
Glass bead pack 1 0.07 0.05

Sand pack 1 2.85 3.10

Bentheimer 1 2.3 2.00

St. Bees sandstone 1 2.1 1.60

Mt. Gambier carbonate 1 >10.5 >10.5
Glass bead pack 2 0.05 0.05

Sand pack 2 0.8 1.13

Bentheimer 2 0.45 0.29

St. Bees sandstone 2 0.15 0.32

Mt. Gambier carbonate 2 4.1 7.50
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at which the standard deviation of the porosity is minimised
is eβ0 , i.e., the exponential of the y-intercept. While this pro-
vides an estimated REV, the percent porosity of which the
REV corresponds to is also calculated by employing a
weighted linear regression of present porosity as a function
of logeðVolumeÞ:

p = α0 + α1 loge Volumeð Þ + ϵ, ð5Þ

where p is the percent porosity, α0 represent the constant, α1
is the slope term of this model, and ϵ is the error term.

The regression is weighted by the reciprocal of the stan-
dard deviation at each volume. Once the constant and slope
terms are calculated, the REV for that particular rock is
substituted into the equation, thus returning its correspond-
ing percent porosity. The results for each rock are presented
in Table 10 in their untransformed original units. The back-
transformed regression equations are then shown visually in
Figure 9.

3.6. Comparison of the Techniques. Sum of the relative errors
(unitless ratio) of regression [44], obtained from each
technique, is used to compare the above techniques
appropriately:

Re = 〠
n

1
abs f i − Yi

Yi

� �
, ð6Þ

where abs is the absolute value, Re is the sum of the rela-
tive error of regression, f i is the model estimate, and Yi is
the exact value.

Table 11 lists the sum of relative errors obtained from
each model fit. As seen in Table 11, the proposed regres-
sion technique presented the lowest errors of the regres-
sion. Note that the average porosity was used in the
model to have only one measurement per subvolume to
be consistent with other techniques. In addition, in the
majority of cases, the proposed method predicted a
REV larger than the other methods. However, the com-
parison of the estimates with the plotted data indicated
that the proposed regression method was very sensible
both in terms of prediction and error propagation. Many
of the subsamples from the rocks still showed a consider-
able variation of the porosity at the estimates of REV
obtained by other techniques. A notable advantage of
the proposed method is that it removes the subjectivity
of either visually estimating REV or choosing a threshold
to estimate REV.
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Figure 7: Coefficient of variation of the five samples plotted versus sample volume. The dashed horizontal black line is the 0.05 threshold. The
power-law fit for Mt. Gambier is indicated as a thin black line.

Table 6: Fitting equations for the REV analysis using the CV approach.

Porous medium Fitting equation A b

Glass bead pack CV = 0:0106V-0.295 0.0106 -0.295

Sand pack CV = 0:0611V-0.686 0.0611 -0.686

Bentheimer sandstone CV = 0:0705V-0.374 0.0705 -0.374

St. Bees sandstone CV = 0:0716V-0.366 0.0716 -0.366

Mt. Gambier carbonate CV = 0:1058V-0.389 0.1058 -0.389
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4. Conclusion

Quantification of rock heterogeneity can be accomplished
using a REV, i.e., the larger the REV, the higher the het-
erogeneity. A range of porous media was imaged using

the μCT technique and then subsampled (105 subsamples
for each porous medium, a total of 525 subsamples). Dif-
ferent statistical methods with which REV can be estimated,
including visual interpretation, standard deviation analysis,
coefficient of variation analysis, and relative gradient error

Table 7: Influence of CV threshold value on REV. Associated equations are listed in Table 6.

Porous medium Threshold (-) REV (mm3) from data curve REV (mm3) from fitting equation

Glass bead pack 0.025 0.09 0.05

Sand pack 0.025 2.95 3.55

Bentheimer 0.025 >10.50 >10.50
St. Bees sandstone 0.025 5.40 >6.00
Mt. Gambier carbonate 0.025 >10.50 >10.50
Glass bead pack 0.050 0.01 0.01

Sand pack 0.050 1.95 1.33

Bentheimer 0.050 2.70 2.50

St. Bees sandstone 0.050 2.23 2.70

Mt. Gambier carbonate 0.050 4.00 6.90

Glass bead pack 0.075 0.01 0.01

Sand pack 0.075 0.50 0.74

Bentheimer 0.075 0.85 0.85

St. Bees sandstone 0.075 0.18 0.85

Mt. Gambier carbonate 0.075 1.95 2.45

Volume (mm3)

Volume (mm3)
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Figure 8: Relative gradient error of the five samples plotted versus sample volume. The dashed black line is the 0.05 threshold value.
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criterion analysis, were tested on the subsamples and com-
pared with the new regression method proposed in this
study.

The results indicate that the visual inspection approach
is the least accurate approach. The relative gradient error,
the standard deviation, and the coefficient of variation
analyses have a higher degree of accuracy than the visual
inspection approach. However, the results highly depend
on the selected threshold values. Furthermore, it is not
possible to determine a true REV in a theoretical sense
or base on selecting threshold values. The proposed regres-

sion modelling method, however, does not rely on a visual
inspection and threshold value selection. The sum of rela-
tive errors of regression is also the lowest using the pro-
posed technique. The method gives larger REV, which is
satisfactory as many of the subsamples from different
rocks show considerable variation in porosity at the esti-
mated REV obtained by other techniques. In addition, it
is shown that the grain size has a profound impact on
REV, i.e., the larger the grains, the larger the REV, and
the samples with a very ordered and symmetric structure
can have a large REV if they contain large grains.

Table 8: Fitting equations for the REV analysis by a relative gradient error.

Porous medium Fitting equation A b

Glass bead pack εg = 0:0014V-1.675 0.0014 -1.675

Sand pack εg = 0:0124V-1.629 0.0124 -1.629

Bentheimer sandstone εg = 0:0102V-0.591 0.0102 -0.591

St. Bees sandstone εg = 0:0083V-2.195 0.0083 -2.195

Mt. Gambier carbonate εg = 0:0100V-1.573 0.0100 -1.573

Table 9: Influence of threshold value on REV; εg analysis. Associated equations are shown in Table 8 and associated data in Figure 8.

Porous medium Threshold (-) REV (mm3) from data curve REV (mm3) from fitting equation

Glass bead pack 0.025 0.10 0.10

Sand pack 0.025 1.50 1.25

Bentheimer 0.025 1.35 2.25

St. Bees sandstone 0.025 0.85 1.00

Mt. Gambier carbonate 0.025 1.22 1.28

Glass bead pack 0.050 0.10 0.10

Sand pack 0.050 0.85 0.82

Bentheimer 0.050 1.10 0.74

St. Bees sandstone 0.050 0.80 0.72

Mt. Gambier carbonate 0.050 1.10 0.71

Glass bead pack 0.075 0.10 0.10

Sand pack 0.075 0.72 0.65

Bentheimer 0.075 0.92 0.61

St. Bees sandstone 0.075 0.76 0.60

Mt. Gambier carbonate 0.075 0.99 0.56

Table 10: Estimates of REV and its corresponding porosity as calculated using the linear regression models. Estimates are presented in
original units.

Rock Estimated REV (mm3) Porosity (%) estimate at estimated REV

Glass beads 6.2 35.3

Sand pack 6.1 35.0

Bentheimer 14.9 18.6

St. Bees 6.9 15.3

Mt. Gambier 19.1 42.3
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Figure 9: Volume plotted against porosity (%), with a back-transformed regression line. (a) Glass bead pack, (b) sand pack, (c) Bentheimer
sandstone, (d) St. Bees sandstone, and (e) Mount Gambier carbonate.

Table 11: Sum of relative error of regression obtained from each model fit.

Porous medium Standard deviation (s) Coefficient of variation (CV) Relative gradient error (εg) Regression modelling (p)

Glass bead pack 3.3116 3.2842 22.7227 0.0552

Sand pack 3.9485 3.8569 7.6258 0.1872

Bentheimer sandstone 2.9153 2.9482 9.5289 0.2919

St. Bees sandstone 4.737 4.9612 40.5122 0.2660

Mt. Gambier carbonate 2.6284 2.6821 19.769 0.3842
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