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Abstract 

In this technical paper we describe a robust methodology for performing advanced analysis on smaller 
sample volumes from unconventional reservoirs. The described methodology incorporates a multi-scale 
and multi-modal imaging workflow where scanning electron microscopy and spatial mineralogy are used 
for rock characterization, followed by acquisition of 3D volumes with nanometer resolution for pore scale 
analysis and generation of digital 3D models. 

The presence of pore-backs, an artefact often observed in focused ion beam scanning electron microscopy 
(FIB-SEM) images, demands a refinement of existing image segmentation workflows to obtain a 
representative characterization of mineral phases and pore space. Traditional segmentation techniques are 
combined with trainable segmentation tools that applies machine learning algorithms to identify material 
phases based on morphological properties. The resulting segmented 3D volumes are transformed into a 
geometrically accurate pore network model retaining the essential features of the pore space, which 
allows for simulations of rock properties on a digital rock model. Digital rock models allow for the 
extraction of local trends in cross-correlated properties through sub-volume calculations. 

The concept of a common rock model, where multi-disciplinary properties are calculated on the same 
model, facilitates a comprehensive rock characterization in despite the physically small sample. Elastic 
properties were calculated in addition to basic petrophysical properties, and comparisons with laboratory 
data as well as literature data have been conducted to validate the predicted properties. The comparisons 
show that the results are in good agreement through the range of properties obtained, which is a strong 
indication that the application of digital rock analysis on small sample volumes, such as drill cuttings, can 
provide significant information that influences the processes of drilling, hydraulic fracturing, and 
production of unconventional reservoirs. 
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Introduction 

Understanding the material and transport properties of complex reservoir formations is fundamental for 
economic production from unconventional systems. The cost of obtaining core samples from the 
subsurface drives the development of technology to obtain petrophysical and mechanical properties from 
smaller sized sources like drill cuttings. Conventional laboratory experiments will often face the 
challenges of requiring large sample sizes, time consumption and accuracy in interpretation. It is also 
difficult to interpret and evaluate the pore scale, micro-mechanical, behavior of shale rocks. The elastic 
properties of a shale rock are mainly governed by the relative amount of each present mineral type, the 
elastic properties of these mineral types, and finally the spatial and geometrical distribution of the 
respective mineral types.  

Digital rock analysis, by imaging the rock micro-structure in 2D and 3D, has the ability to accurately 
characterize both the relative amount and the spatial and geometrical distribution of the mineral phases in 
a rock sample. Scanning electron microscopy (SEM), combined with automated spatial mineralogy, 
captures the relative amount of mineral types, while focused ion beam (FIB) SEM facilitates the 
characterization of the spatial distribution of the minerals. A multi-scale imaging workflow was applied to 
identify representative locations for conducting pore scale analysis on 3D datasets. 

In addition to elastic properties, petrophysical properties are calculated on pore network models (PNM) 
extracted from the segmented 3D datasets. The petrophysical properties are obviously important 
parameters for the rock characterization by itself, but they are also of high interest for evaluating the 
digital rock characterization through a comparison with laboratory measurements conducted on larger 
sample sizes. 

Sample and sample preparation 

The sample analyzed in this study is an outcrop core plug from the Pierre shale, a marine deposit widely 
distributed east of the Rocky Mountains in the Great Plains. The Pierre shale is of late cretaceous age and 
consist of dark grey shale with presence of sandy and bentonitic units. Pierre conformably overlies the 
Niobrara formation and is overlain by the Fox Hills sandstone.  

The extracted core plug was stored in mineral oil for preservation until the start of this study. The 
diameter of the plug was 3.8cm and the length was approximately 1cm. A standard grinding and 
mechanical polishing method was applied to generate the initial sample surface. Topographic 
irregularities on this surface, due to differential hardness of components, will reduce the reliability and 
accuracy of the analyzes from digital images. These topographic irregularities were minimized by ion 
milling of the surface. Ion milling is a physical etching technique where ions from an inert gas, in this 
case Argon, are accelerated from a wide beam ion source into the surface under vacuum. The angled 
bombardment of high energy ions creates a clean and polished surface, which also removes smearing 
effects observed from mechanical polishing. The ion milled surface is then coated with a thin electrically 
conductive layer prior to the analysis. 

Multiscale imaging 
 
A multiscale imaging workflow was applied to ensure that representative images and analyses were 
conducted on the sample. Image mosaics, containing tens to hundreds of individual tiles, acquired at 
higher magnifications are captured within a previously imaged area to bridge the understanding of pore 
scale features to plug scale features. The ability to identify representative textures, by utilizing a multi-
scale imaging approach, is imperative for identifying prime locations for further 3D analysis using 
Focused Ion Beam SEM (Lemmens et al. [2013]). 

The multiscale imaging workflow starts with the acquisition of a scout image, which is a relatively low-
magnification image mosaic covering the complete sample surface. The scout image is used for visual 
inspection of the sample, and to locate a representative area for an overview image which contains the 
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least amount of induced micro-fractures and anomalies with regards to heterogeneity. The acquired scout 
image for the sample is a mosaic containing 40 tiles (8x5) with a total horizontal width of 20.9mm, with 
an image resolution of 1.47μm/pix (see Figure 1(a)). 

 

 
Figure 1: (a) Scout image of the ion milled surface of the Pierre sample. (b) Overview BSE showing the four locations selected for high 

resolution analysis 

 

As the sample surface is prepared perpendicular to bedding one can observe laminations horizontally in 
the scout image. The visual inspection of the scout image shows no clear indications of lateral 
heterogeneities. Hence the overview image is selected to capture the entire vertical section with a 
rectangular mosaic (8x17 tiles) with 136 individual tiles (see Figure 1 (b)). 

Automated spatial mineralogy was acquired in parallel with all SEM mosaics, with the exception of the 
scout image. Spatial mineralogy couples SEM with energy dispersive X-ray spectrometers to image and 
mineralogically map samples. Each field is then divided into a virtual grid, the size of which is 
determined by the vertical and horizontal pixel spacings.  

 

 

Figure 2: (a) Overview BSEM (left)and false colored mineralogy map(right). (b) Modal mineralogy from automated spatial mineralogy. Values 
in area percentages.   

Inspection of the overview image shows similar properties throughout the sample depth, except for a few 
thin layers with elevated amounts of heavy minerals. The four high resolution image mosaics are acquired 
away from these pyrite-rich laminae (see Figure 1). 
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Figure 3: Spatial mineralogy maps, including region of interest areas, from the high-resolution areas. (a) Region 1, (b) Region 2, (c) Region 3, 

and (d) Region 4. 

The four high-resolution regions are similar in terms of rock texture and mineralogy, including the region 
of interest (ROI) areas analyzed within each of the respective areas. The high-resolution areas are also 
very similar to the analysis performed on the overview image, indicating a relatively homogenous 
composition throughout the sample surface.   

 
Table 1: XRD analyses including clay fraction analysis. Values in weight percentages. 

Smectite Ill/Smec Ill/Mica Kaolinite Chlorite Quartz Orth Anh Albite Clin Pyrite Calcite Dolomite 

22.4 12.3 4.3 0.8 3.9 44.1 3.1 6.0 0.4 0.4 1.1 0.3 0.9 

 

Abbreviations: Ill = Illite, Orth = Orthoclase, Anh = Anhorite, Clin = Clinoptiolite. 

The X-ray diffraction (XRD) results of the clay fraction shows that 51.4% of the total clay amount is 
smectite, 28.1% is mixed layer illite/smectite, 9.8% is illite, 8.9% is chlorite and the remaining is 
kaolinite. Reichweite from the analysis shows R=0, meaning a random mixing of layers in the 
illite/smectite portion of the clay. 

The mineralogy results from both automated spatial mineralogy and XRD are comparable with data found 
in published research (Zhang et al. [2017]; Wang et al. [2010]; Schultz et al. [1980]). Although the 
sampled areas and volumes are very small, and published data are recorded from various areas and depths 
of the Pierre shale, there are strong correlations in terms of overall mineralogy as well as clay 
composition. In the literature, the amount of clay reported is between 45-75%, where the main component 
is mixed layer illite/smectite. For quartz the range is 20-45%. 

The high-resolution regions are further investigated by acquisition of secondary electron images. In 
contrast to back-scatter images, secondary electrons originate from the surface or the near-surface regions 
of the sample. They are a result of inelastic interactions between the primary electron beam and the 
sample and have lower energy than the back-scattered electrons. 

Secondary electrons are very useful for inspection of the topography of the sample surface, in this case for 
inspection of pores in the sample that are not filled with epoxy (Schieber [2013]; Sondergeld et al. 
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[2010]). The secondary electron images are acquired at 2500-5000X magnification, and the main 
objective of these images are to find representative locations for Focused Ion Beam (FIB) image 
acquisition. Figure 4 shows secondary electron images acquired from high resolution region 2. 

 

 
Figure 4: Secondary electron images (SEI) acquired from high resolution region 2 

 

3D reconstructions are made by alternating SEM imaging with FIB milling (Curtis et al. [2012]; Am- 
brose et al. [2010]). This technique is hence destructive and leaves a milled cavity in the sample. 
Consecutive slices are aligned and combined into a 3D model. Alignment of the image is further aided by 
image recognition techniques, focusing on a fixed marking next to where the FIB milling takes place. 

FIB-SEM generates a 3D model with an isotropic resolution of 10nm per voxel. The raw data is a 3D data 
cube of grey levels proportional to the average atomic number of the phase under the electron beam. 
Heavy phases, such as framboidal pyrites, show up as bright phases while organics are much darker. 

Three FIB-SEM images were acquired. The locations for the acquisition of the three images are shown in 
Figure 5. The locations are selected towards the center of the sample. By selecting locations in the center 
we have enhanced textural information and generally a better starting point for selecting small volumes 
(≃ 20μm side lengths) that are representative of the full sample. 

 
Table 2: Size (number of voxels) of the three acquired FIB-SEM images. 

Image nx ny nz 
FIB1 1979 1454 1070 
FIB2 1991 1450 1166 
FIB3 1996 1526 1116 

 

Image processing and segmentation of FIB-SEM volumes 
 
The first step of FIB-SEM processing is image enhancement, mainly consisting of alignment of the stack 
of acquired BSE images followed by feature-preserving noise reduction of the images. The stack 
alignment is a rigid translation alignment to preserve the continuity of phases in the Z-direction. The 
image enhancement is demonstrated on a small area of FIB1 in Figure 5, and the enhanced signal-to-noise 
ratio significantly improves the segmentation of the various phases into a labeled 3D volume. 
 



URTeC 3723523   6 
 

 
Figure 5: Image enhancement by feature-preserving noise reduction from a small sub-area of FIB1 

 
A common problem in FIB-SEM volumes acquired in tight rocks is the presence of so-called “pore 
backs”. This occurs when a pore is not deep enough to trap electrons and hence be represented by black 
pixels. Instead, the electrons bounce of the back off the pore and one observe the underlying mineral 
where a void space should be (Figure 6). A similar 3D effect can be observed at grain- and pore-edges 
and can without proper processing result in a significantly under-estimation of the pore space. Due to the 
pore backs, which visually looks like 3D effects, the typical thresholding of greyscale intensity values 
cannot be applied directly for accurate results. 
 

 
Figure 6: Examples of pore back artefacts observed in FIB1 (a) and FIB2 (b) 

 
Figure 7 shows the multi-step image segmentation workflow that was applied for these 3D volumes. The 
first step of the segmentation process is to isolate and map the pore backs. This is accomplished by a 
trainable segmentation tool (Arganda-Carreras et al. [2017]) where the total perimeter of the pore, 
including pore backs, is initially traced manually. This process is repeated for a range of pores in the 
volume, and the traced areas are analyzed with respect to properties like shape, structure, gradient, and 
greyscale mean/variance. The trainable segmentation is an iterative process where the automatic 
interpretation is enhanced by user-input between each iteration until all the pore backs are mapped 
completely. 
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Figure 7: Illustration of the multi-step segmentation workflow 

 
The second step of the segmentation process is to further define the pore space from the rock matrix. This 
is done by first thresholding of the greyscale intensity values. The porosity mask is then combined with 
the pore-back mask to produce the final porosity segmentation. An example of the porosity segmentation 
is shown in Figure 8.  
 

 
Figure 8: Illustration of the porosity segmentation applied to the FIB-SEM volumes 

 
The third step is a sub-segmentation of the phase initially labeled as rock matrix. The low accelerating 
voltage required for FIB-SEM acquisition results in very similar greyscale values between clays and 
grains of various mineralogy. A new set of iterations of the trainable segmentation tool is applied to 
distinguish the various components of the rock matrix. The morphological distinctiveness is used to 
differentiate fibrous clay structures from more rounded grains like quartz. These sub-segmentations are 
applied until the presence of main mineral phases is defined in the 3D volume. All the different 
segmentations are then merged into a final 3D model that allows for calculations of rock properties. 
Figure 9 shows the segmented 3D FIB-SEM volumes. 
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Figure 9: Segmented FIB-SEM volumes. (a) FIB1, (b) FIB2, (c) FIB3. Blue = pore, yellow = quartz, green = clay. 

 
Results 
The segmented or resolved porosity (i.e. image porosity at a voxel resolution of 10nm) is denoted φres. 
The total porosity is denoted φtot and is defined as φtot=φres +fcφμ where φμ is the clay micro-porosity and 
fc is the volume fraction of clay. The total porosity for the plug was measured and reported to be 40.3%. 
In the digital simulations we used a clay micro-porosity of 40%. This resulted in total porosity values for 
the FIB-SEM volumes in the range [34.7% < φtot < 46.6%], which is in agreement with laboratory 
measurements. 

 

 

 

 
Table 3: Summary of segmented mineral composition (volume percentage) of the FIB-SEM datasets 

Sample φres φtot Clay Quartz Feldspar Organics Pyrite 

FIB1 18.77 39.16 50.99 27.15 3.09 0.0 0.00 
FIB2 24.55 46.64 55.23 19.47 0.0 0.57 0.19 
FIB3 21.08 34.70 34.05 43.45 0.0 0.18 1.24 

 

Published porosity values for Pierre samples are in the range 25% to 40% (Zhang et al. [2017]; Wang et 
al. [2010]). These values are high, especially for shales. However, the analyzed FIB-SEM volumes 
confirm these values. A significant amount of porosity is observed both as relatively large pore bodies 
and as a network of pores in the clay phase. 

Figure 10(a)-(c) show 2D (XY-plane) mineral maps through the 3D segmented FIB-SEM volumes 
whereas Figure 11(d)-(f) plot the fraction of the main phases (pore, clay, and quartz) for all the XY-slices 
in the FIB-SEM volumes. The models are clearly heterogeneous, and the amounts of pore, clay, and 
quartz vary significantly throughout the samples, especially for FIB1 and FIB3. The quartz content for 
FIB3 is significantly higher than for the other two models. 
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Figure 10: 2D XY-slices illustrating the mineral segmentation. (a) FIB1, (b) FIB2, (c) FIB3. Yellow = quartz, white = feldspar, green = clay, 
black = pore, red = organics. 

 

 

Figure 11: Plotted phase distribution for XY planes throughout each 3D volume. (a) FIB1, (b) FIB2, (c) FIB3. 
Basic properties 
Absolute permeabilities were calculated by solving the Stokes equations using a no-slip boundary 
condition at the solid pore walls. Flow through clay-bound water is not accounted for. The contribution of 
clay-bound water to the absolute permeability is very small since effective permeability is mainly 
governed by the smallest pore in the percolating backbone of the resolved porosity pore network (Masihi 
et al. [2016]). 

Table 4 summarizes the calculated directional absolute permeabilities (in nano-Darcy) for the three FIB-
SEM samples. The calculated permeabilities (i.e. kx, ky, kz) for each sample is fairly isotropic with 
ki,max/ki,min < 2. This is in agreement with the fact that the samples were acquired perpendicular to the 
bedding plane and no clear indications of lateral heterogeneities were observed. The directionally 
averaged (arithmetic) permeability kavg is similar for FIB2 and FIB3 (≃ 840nD). FIB1 has the lowest 
resolved porosity and also the lowest k = 120nD. 

 
Table 4: Calculated directional permeabilities for the FIB-SEM volumes 

Sample φres kx [nD] ky [nD] kz [nD] a b 

FIB1 0.188 158 97 106 12.82 5.59 

FIB2 0.245 642 640 1185 14.56 4.83 

FIB3 0.211 585 960 1020 25.96 3.66 

 

Figure 12 plots directional permeabilities versus porosity for the samples. The cross-plots are generated 
from permeability calculations on non-overlapping sub-samples from the full FIB-SEM volumes. Sub-
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samples indicate the variability of properties within each sample. There is significant spread in 
permeability at a given porosity, which is due to heterogeneities at the scale of investigation. 

 

Figure 12: Porosity versus directional permeabilities for the samples. (a) FIB1, (b) FIB2, (c) FIB3, and (d) porosity versus directionally averaged 
permeability, kavg 

 

A permeability versus porosity correlation of the form log k = b log (aφ) is fitted to the data and is plotted 
as a black line in Figure 12. Although there are large scatters in the data, especially for the tightest sample 
FIB1, the correlation appears to capture the general behavior of the simulated permeabilities as a function 
of porosity. The best-fit values for a and b for each sample are given in Table 4. For the directionally 
averaged permeability k versus φ plot (i.e. Figure 12(d)), the best-fit values are a = 17.71 and b = 4.64. 

Capillary pressure 
 Capillary pressure curves, Pc(Sw), were calculated by simulating two-phase oil-water primary drainage 
displacements in the pore network models (PNM) extracted from the segmented FIB-SEM images. The 
oil-water interfacial tension was set to 30.0 mN/m and the oil and water densities were 700 kg/m3 and 
1000 kg/m3, respectively. 

Initially, the PNM is filled with water and is strongly water wet having a receding contact angle θr 
randomly distributed in the range [0◦ < θr < 10◦]. Oil, the non-wetting phase, then enters the network 
displacing water. The oil can enter the network from all six faces of the model. This mimics the boundary 
conditions for mercury injection capillary pressure (MICP) measurements. The clay-bound water is 
assumed to be impermeable and is not invaded during the simulations. 

Figure 13 shows the simulated primary drainage capillary pressure curves for the three FIB-SEM 
samples. Except for some differences in the irreducible water saturation, Swir, the simulated Pc(Sw) curves 
are similar. Sample FIB1 has the highest Swir. It is also the sample with the lowest resolved porosity and 
permeability. The Swir is mainly due to isolated or shielded resolved porosity, in example porosity which 
can only be invaded via clay-bound water. 

The entry capillary pressure, pct, is similar for the three samples (pct ≃ 1 bar). There is no plateau region 
observed in the Pc(Sw) curves and the capillary pressure increases almost linearly over a large saturation 
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range, suggesting a fractal pore-size distribution. The simulated Pc(Sw) curves were fitted to the Brooks-
Corey capillary pressure model (Brooks and Corey [1966]) 

 

Pc = pct(SwN )−1/λ 

 

where SwN is the normalized water saturation and λ is the pore size distribution index which is related to 
the fractal dimension (Li [2004]) Df = 3 − λ . Df is a representation of the heterogeneity of the sample. 
The greater the fractal dimension, the greater the heterogeneity. The calculated fractal dimension for the 
samples were in the range [1.6 < Df < 2.1]. FIB1 has the largest Df and FIB3 the smallest. 

Capillary pressure curves are often used to characterize the pore size distribution (psd) of porous rocks. 
The pore size distribution is calculated from dSw/d(ln(Pc)) using equal logarithmically spaced capillary 
pressure steps. However, it is well known that capillary pressure data do not lead to the true pore size 
distribution but to the distribution controlled by pore throat thresholds of size rt. 

Figure 13(c) shows the pore throat radius distributions derived from the simulated capillary pressure data. 
The samples have a broad pore size distribution covering more than two orders of magnitude. The pore 
size distributions for samples FIB2 and FIB3 are similar with the peak in the distribution occurring at rt ≃ 
45nm. The peak for sample FIB1 occurs at smaller pore sizes, rt ≃ 28nm. This explains the lower 
permeability of FIB1 (see Table 4). 

 

 

Figure 13: Simulated primary drainage capillary pressure curves; (a) linear-linear plot, and (b) semi-logarithmic plot. (c) Pore throat size 
distribution derived from the capillary pressure data.  
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Elastic properties 
To simulate the elastic behavior of shale, the elastic properties of individual rock components are 
required. Whereas the elastic properties of pure minerals such as quartz, feldspar, kaolinite, etc., have 
been published, the elastic properties of a mixture of clay minerals are also needed. 
The clay phase is modeled as an assembly of locally aligned clay platelets (Sayers and den Boer [2018]). 
The small void spaces or micro-porosity (φμ) between the platelets contain clay-bound water. The mineral 
composition of generalized clay platelets for numerical calculations is given by the XRD data (see Table 
1). The effective elastic properties of the clay platelets are derived from the constituent clay minerals (see 
Table 5) using the Voigt-Reuss-Hill averaging method (Mavko et al. [2009]). 
 
 

Table 5: Elastic moduli from the constituent clay minerals. The elastic moduli of the clay platelet are calculated from mixing laws whereas 
properties for the clay phase are derived using DEM theory. 

Clay Mineral fraction K [GPa] G [GPa] ρ [g/cm3] 
Smectite 0.514 9.3 6.9 2.61 
Mixed Layer 1 (smectite/illite) 0.281 12.7 8.5 2.63 
Mixed Layer 2 (illite/mica) 0.098 41.4 22.0 2.75 
Kaolinite 0.018 7.9 10.2 2.44 
Chlorite 0.089 164.3 51.4 2.84 
     
Clay platelet  19.6 10.7 2.65 
Clay phase (φμ = 40%)  8.4 4.1 1.99 

 
 
The effective elastic moduli for the clay phase (platelet + micro-porosity) are calculated using differential 
effective medium (DEM) theory (Norris et al. [1985]; Berryman [1992]). The clay platelets are 
considered to be the background medium with spherical and plate-like inclusions of water filled void 
space. The clay micro-porosity is estimated to be φμ ≃ 40%. A fourth order Runge-Kutta method is used 
to solve the DEM equations. Table 6 summarizes the elastic input parameters used for the simulations. 
The elastic moduli for pure minerals and organics are published data (Mavko et al. [2009]; Zhao et al. 
[2016]). The pore phase is fully brine saturated and the elastic moduli are those of water. 
 

Table 6: Input bulk modulus, shear modulus and density for the phases used in the calculations 

 
 
 
 
 
 
 
 
 
 
We calculated elastic properties for two symmetry cases: (i) no symmetry, and (ii) isotropic symmetry. 
The no-symmetry case has 21 independent elastic constants compared to 2 for the isotropic one. The 
simulations for case (i) are therefore significantly more time consuming.  
 
The computed effective elastic properties for the entire sample sizes are summarized in Table 7. The 
calculations are representing fully brine saturated samples. Sample FIB3 is more quartz-rich (see Table 3) 
and it has the largest effective bulk and shear modulus and P- and S-wave velocities. FIB2 has the highest 

Phase K [GPa] G [GPa] ρ [g/cm3] 
Pore 2.2 0.0 1.00 
Clay 8.4 4.1 1.99 
Quartz 37.0 44.0 2.65 
Feldspar 37.5 15.0 2.61 
Organics 3.5 1.75 1.10 
Pyrite 147.4 132.5 4.90 
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porosity, and it has the lowest elastic moduli and velocities. For all three samples, the results for the 
isotropic and no-symmetry cases are close, suggesting that the isotropic symmetry assumption is a good 
engineering approximation for these samples. FIB3 displays the largest difference between the two 
symmetry cases. This is probably due to the presence of a large quartz grain that extends across the entire 
FIB-SEM volume (see Figure 10 (c)). 
 
 

Table 7: Calculated effective elastic properties on the full sample sizes for the no-symmetry and isotropic symmetry cases 

Symmetry Sample ρ [g/cm3] K [GPa] G [Gpa] Vp [km/s] Vs [km/s] 
no-symmetry FIB1 2.00 9.47 4.82 2.82 1.55 
no-symmetry FIB2 1.87 7.21 2.98 2.44 1.26 
no-symmetry FIB3 2.10 11.65 7.15 3.18 1.84 

isotropic FIB1 2.00 9.26 4.97 2.81 1.57 
Isotropic FIB2 1.87 6.92 2.93 2.40 1.25 
isotropic FIB3 2.10 11.08 6.57 3.07 1.77 

 

Results for the elastic properties include simulations on non-overlapping sub-samples. Isotropic 
symmetry was assumed for these calculations. Sub-sample calculations indicate the variability in 
properties contained in each sample. The calculated elastic properties are presented in Figure 14. The 
data is plotted as a function of the total porosity φtot which is defined as  

φtot = φres + φμfclay 

where fclay is the volume fraction of clay. The trends plotted against total porosity are close to linear with 
a larger scatter at low and high porosities.  

Figure 15 shows the composite or global trends of elastic properties versus total porosity from all three 
samples. In the range [0.25 < φtot < 0.55] we observe a strong correlation of the properties with total 
porosity. At low and high φtot the best fit linear correlations, plotted as a black line, underestimate the 
elastic properties.  



URTeC 3723523   14 
 

 

 

Figure 14: Elastic properties versus total porosity trends calculated on sub-samples. (a, b) FIB1, (c, d) FIB2, and (e, f) FIB3 
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Figure 15: Composite trends of elastic properties versus total porosity for the three FIB-SEM volumes. (a) Bulk modulus, K, (b) Shear modulus, 

G, (c) Bulk velocity, Vp, (d) Shear velocity, Vs 

Discussion 

The digital multi-modal and multi-scale methodology for deriving advanced properties from small sample 
volumes appear to yield very encouraging results. The systematic imaging workflow, by acquisition of 
multi-modal image pyramids, is continuously evaluated and tuned to ensure representative areas are 
selected as the workflow progresses. Combining qualitative and quantitative data through SEM images 
and spatial mineral maps is valuable for the sub-sampling process, but is also of high importance for 
comparison of results derived from a novel methodology with results reported from laboratory 
experiments.  

The refined image processing and segmentation workflow facilitates the generation of a digital model of 
the acquired FIB-SEM images. A feature-preserving noise reduction filter significantly improves the 
signal-to-noise ratio, which is important for labeling the various phases as well as preserving continuity of 
the respective phases in three dimensions. Trainable segmentation algorithms have been applied to 
successfully capture the pore space that is typically difficult to accurately characterize due to pore backs. 
A similar workflow was performed to separate the various mineralogical components that are initially 
labeled as the rock matrix.  

The segmented 3D volumes are, together with clay fraction analysis from XRD, used for calculation of 
elastic properties. The elastic moduli of the clay platelets are calculated from mixing laws whereas 
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properties for the clay phase are derived using DEM theory. The clay platelets are considered to be the 
background medium, modeled as assemblies of locally aligned clay platelets, with a clay micro-porosity 
estimated to be 40%. The calculations, representing fully brine saturated samples, show a strong 
correlation of properties with total porosity in the range [25% < φtot < 50%].  

Elastic properties, as well as petrophysical properties, derived from digital rock analysis are in good 
agreement with both laboratory measured data and properties found in literature. Further comparisons and 
evaluations will be conducted as supplementary experimental data become available.  

The agreement in results is encouraging for the application of this methodology on drill cuttings. The 
main alteration in a similar workflow for drill cuttings is the replacement of an overview image with 
spatial mineralogy of a relatively large sample surface with multiple ROI analyses covering a selection of 
drill cuttings. Characterization and rock typing of the cuttings will be essential for identifying 
representative locations for acquisition of high-resolution 3D volumes.  
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