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ABSTRACT

Computed Tomography (CT) enables non-destructive 3D reconstruction

of pore structures and rock properties mapping. Typically, such images

are obtained from micro-CT (µm-scale) or synchrotron imaging (nm-scale).

Despite their accuracy, these high-resolution imaging methods are expen-

sive, time-consuming, and limited in sample size, affecting representative

volume analysis. This work investigates an alternative approach using

medical-CT (100 µm resolution), applying the dual-energy CT technique

(DECT) to characterize petrophysical properties (total porosity, bulk den-

sity, and effective atomic number) of six Indiana limestone samples (3.81

cm diameter, 4.88 cm length). Samples with porosities between 17.5%

and 19.1% were scanned using paired high-energy (130 kV) and low-energy

(80 kV) protocols, allowing DECT analysis to generate detailed 2D and

3D property maps. Additionally, the single-energy CT (SECT) technique,

enhanced by subtracting images of the rock sample in saturated and dry

conditions, improved the estimation of effective porosity. The results from

DECT and SECT, processed with Python scripts and Avizo 3D, demonstrated

average differences of 3.34% for bulk density, 5.30% for effective poros-

ity, and 4.65% for effective atomic number compared to basic petrophysics

measurements. Although artifacts from low-energy scans presented limita-

tions, their impact can be reduced by optimizing acquisition parameters,

improving the experimental setup, and applying reconstruction filtering

techniques. Overall, this study highlights medical-CT as a fast, cost-effective

method for analyzing larger samples, providing a practical alternative to tra-
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ditional high-resolution imaging to estimate key petrophysical properties for

the identification and visualization of heterogeneity on carbonates rocks.
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1. INTRODUCTION

The evolution of computed tomography (CT), from its invention by Hounsfield in 1972 to recent advances,

has significantly impacted petrophysical studies in reservoir rocks. Early work, such as the determination

of porosity and density from digital images (44), paved the way for innovations, such as dual-energy CT

(DECT) (32, 33, 31), which uses high- and low-energy scans to more accurately determine petrophysical

properties. These advancements have led to detailed studies on fluid flow visualization through porous

media (47), and multiphase flow simulations based on Navier-Stokes and Lattice-Boltzmann transport

equations (27, 28).

With advancements in tomography technologies, imaging at higher resolution at smaller scales is now

possible: down to themillimeter scale (10−3m) with medical CT, themicrometer scale (10−6m) with indus-

trial CT, and the nanometer scale (10−9 m) with Synchrotron Beamline (22, 46). However, as resolution

increases, the sample size decreases, which is an important aspect when considering upscaling to field

scales (103 m). For this reason, millimeter-scale imaging becomes relevant as it allows the analysis of rel-

atively large samples, typically up to 30 cm in length, with a maximum of 100 cm in some cases. Originally

developed for medical diagnostics, DECT was initially used to distinguish regions with similar CT num-

bers (CTN) that could not be differentiated using conventional single-energy imaging. Extending these

capabilities, DECT has been adapted to geosciences for more accurate rock property characterization by

calibration processes.

Dual-energy computed tomography (DECT) can be applied at different imaging scales, including medical

CT (32), micro CT (40), and synchrotron CT (17, 34). However, as reported in the literature (11), despite

the superior resolution and image quality offered by industrial CT systems, their high acquisition time

and operational costs often pose significant limitations when compared to medical CT scanners. Basic

industrial CT setups, equipped with 225 kV micro-focus capabilities, typically range in cost from €300,000

to over €1,000,000. In contrast, medical CT systems are generally more accessible, with prices ranging

from €60,000 to €300,000, depending on the model and specifications. Furthermore, scan time greatly

impacts the cost-effectiveness of each modality. Industrial CT systems often require 30 to 60 minutes

per scan, depending on the desired image quality (12), whereas medical CT scanners can complete a full

scan in approximately 5 seconds, plus a short cool-down period. This time efficiency allows medical CT

scanners to image up to 10 samples within the time it takes to complete a single scan using an industrial

CT system, making them a more practical and cost-effective solution for routine laboratory workflows.

The characterization of carbonate rocks is complicated by their complex pore size distribution (PSD), as

illustrated in Figure1b, which shows mercury injection capillary pressure (MICP) curves extracted from

the literature (25). These curves clearly demonstrate the wide heterogeneity in pore radius, ranging from

nano- to micro- and macro-pores, including vuggy porosity. The presence of these macro-pores makes

medical CT (also referred to as hospital CT) a valuable imaging technique for identifying and visualizing

such macroscopic features (≥100 µm). As shown in Figure1a (8), medical CT imaging effectively com-

plements the pore size range that cannot be fully captured by micro CT (µm), thus enhancing multiscale

pore structure characterization.
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Figure 1: Overview of multiscale pore characterization in carbonate rocks. (a) Resolution versus

sample size for various techniques, showing the imaging range ofmedical CT compared tomicroCT

and other methods (8). (b) Pore size distribution (PSD) illustrating nano, micro, and vuggy porosity,

derived from SEM, micro CT, medical CT, andmercury intrusion capillary pressure (MICP) (25)

This work aims to characterize key petrophysical properties, including total and effective porosity, bulk

density, and effective atomic number, of six Indiana limestone samples using medical CT digital imaging.

Single- and dual-energy CT techniques (SECT (18) and DECT (32)) are applied to obtain these properties,

which are then compared with basic petrophysics measurements to assess the accuracy of the method-

ology. The results are presented as 2D and 3D maps, profiles, and average values, allowing for both the

quantification and visualization of the heterogeneity in these carbonate rocks.

2. MATERIALS ANDMETHODS

2.1. Rock sample description

Six rock samples, representing outcrops of Indiana limestone carbonate, were selected for petrophysical

characterization using medical CT imaging techniques. Each sample had a diameter of 3.81 cm and a

length of around 5 cm.

Basic petrophysical measurements were conducted to characterize the samples used in this study, with

the results presented in Table 1. The bulk density of the samples ranges from 2.13 to 2.17 g/cm3.

These relatively low values are attributed to a higher percentage of void space, as noted in (36). Gas

porosimetry measurements show the highest porosity value of 19.1% for sample 6 (ILH2A-6) and the

lowest value of 17.5% for sample 2 (ILH2A-2). Although the porosity exhibits relatively high values, the

average permeability of the samples is 31.7 mD. This discrepancy suggests that permeability does not
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Table1: Basicpetrophysical propertiesof Indiana limestonesamples, includingdimensions (measured

with a caliper), bulk density (from mass and volume), and porosity and permeability (measured using

gas porosimeter and permeability meter).

Sample Sample Diameter Length Bulk Density Porosity Permeability

Number ID 𝐷 (cm) 𝐿 (cm) 𝜌𝑏 (g/cm
3) 𝜙eff (%) 𝑘 (mD)

1 ILH2A-1 3.820 ± 0.001 4.950 ± 0.002 2.143 ± 0.001 18.27 ± 0.37 36.53 ± 0.32

2 ILH2A-2 3.805 ± 0.001 4.710 ± 0.002 2.167 ± 0.001 17.48 ± 0.37 28.40 ± 0.25

3 ILH2A-3 3.810 ± 0.001 4.808 ± 0.002 2.150 ± 0.001 17.73 ± 0.37 27.72 ± 0.24

4 ILH2A-4 3.809 ± 0.001 4.919 ± 0.002 2.152 ± 0.001 17.60 ± 0.37 27.37 ± 0.24

5 ILH2A-5 3.805 ± 0.001 4.826 ± 0.002 2.143 ± 0.001 17.97 ± 0.36 35.20 ± 0.31

6 ILH2A-6 3.805 ± 0.001 4.995 ± 0.002 2.125 ± 0.001 19.13 ± 0.38 34.69 ± 0.30

Average 3.809 4.880 2.147 18.03 31.65

scale proportionally with porosity, which may indicate a high degree of heterogeneity in the rock. Such

heterogeneity is a well-known characteristic of Indiana limestone, which features a complex pore struc-

ture, including significant microporosity. This network of small pores can restrict fluid flow, leading to

lower permeability despite high porosity values.

2.2. Rock samplemedical CT scan

In the medical CT scanning process, the Beer-Lambert law (Eq. 1) describes the predominant physical

phenomenon. As shown in Figure 2a, an X-ray source rotates around the rock sample, emitting X-

ray beams with a given incident intensity 𝐼𝑜. These X-ray beams penetrate a thin thickness of the rock

sample, effectively dividing it into a stack of slices, where the thickness of each slice depends directly

on the resolution of the equipment. After passing through the sample, the remaining X-ray intensity 𝐼 is

recorded by detectors positioned parallel to both, the sample and the X-ray source. The linear attenuation

coefficient 𝑚𝑢 is then obtained from the ratio 𝐼/𝐼𝑜. Next, all the projections are reconstructed using a

mathematical algorithm based on the Fourier transform (filtered back projection) to create cross-sectional

images (slices) of attenuation coefficients 𝑚𝑢(ℎ, 𝑥). Finally, the attenuation data from the tomographic

process are normalized (Eq. 2) and defined as CT number (𝐶𝑇𝑁), which are commonly expressed on an

internationally standardized scale known as Hounsfield Units (HU). On this scale, air is defined as -1000

HU and water as 0 HU. Each Hounsfield Unit (HU) corresponds to a 0.1% variation in density relative to

the calibration reference scale (1, 44, 45).

Figure2: MedicalCTScanner: (a) Imagingprinciples (adapted from (46)) and (b)experimental setup

used in this work.
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ln(
𝐼

𝐼0
) = ∫

𝐿

0
𝜇(ℎ(𝑥, 𝑦)) 𝑑ℎ (1)

CTN = (
𝜇 − 𝜇water
𝜇water

) × 1000 (2)

Figure 2b shows the experimental setup used in this work to obtain the tomographic images of the

studied samples. The setup consists of a Siemens SOMATOM® Emotion medical CT scanner, capable of

acquiring 16 images per second with a voxel resolution of 100x100x700 micrometers. The rock sample

is placed into a glass holder with an atmospheric pressure (14.7 psi) and room temperature of 20 °C.

Scanning is performed under two conditions (dry and saturated) for SECT application and two energy

levels (130 kV and 80 kV) for DECT application. A detailed CT acquisition and reconstruction protocol is

presented in Table 2.

Table 2: Acquisition and reconstruction parameters used for high- and low-

energy medical CT scans. Includes voltage, current, exposure settings, and

reconstruction configuration applied to image the rock samples.

Acquisition Parameter High Energy Low Energy Unit

Value Value

Voltage 130 80 kV

X-ray Tube Current 56 183 mA

Exposure Time 1.5 s

Spiral Pitch Factor 0.55 dimensionless

Effective mAs 150 500 mAs

Slice Thickness 0.75 mm

Body Part Examined Head

Reconstruction Parameter High Energy Low Energy Unit

Value Value

Field of view (FOV) 50 mm

Recon Increment 0.70 mm

Convolution Kernel H30s

2.3. CT images pre-processing

The CT images are digitally represented as three-dimensional grids composed of volume elements known

as voxels. Each voxel is assigned a numerical value, known as the CT number (CTN), which is expressed

in Hounsfield Units (HU). These CT numbers are displayed using a grayscale color map, where lower HU

values (such as air at approximately -1000 HU) appear darker, and higher HU values (denser materials,

such as bone or minerals) appear brighter. This grayscale representation allows for clear differentiation

between distinct phases or components within the scanned object. Figure 3 provides an illustration of

these concepts.

Computed Tomography image preprocessing was performed using Avizo 3D software (41), prior to the

application of DECT and SECT, and included cropping, masking, and filtering steps. During cropping, the

initial (inlet) and final (outlet) slices of the rock sample were removed due to artifacts that introduced

shadows non-representative of the actual rock sample (see Fig. 4a and b). Next, a masking procedure

was applied to all slices excluding the external components, such as the glass holder and centralizers (see

Fig. 4c).

Finally, to improve image quality by reducing the inherent noise, a non-local means filter (7) was applied

to the sample images, achieving a good smoothing result while preserving edges (see Fig. 5). The non-

local means filter was configured with the following parameters: noise standard deviation set to three

times the automatically estimated value, patch size of 3 voxels, and search area of 6 voxels (37).
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Figure 3: Schematic representation of a CT anatomical slice (left) and the corresponding CT image

display (right) showingpixels (2D) andvoxels (3D) inCT imaging. TheHUspectrum isalso illustrated,

consisting of HU ranging from air (−1000 HU) to non-biological densities (metals, 1000+HU) (42).

InterPore Journal, Vol. 3, Issue 2, 2026 https://doi.org/10.69631/s3tb8r43

https://doi.org/10.69631/s3tb8r43 


Antelo et al. Page 7 of 30

Figure 4: Image preprocessing steps, showing cropping of CT slices at (a) the inlet and (b) the outlet

of the rock sample, followed by (c)mask application to isolate the region of interest.
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Figure 5: Comparison of original and filtered CT images (top) and their CT number histograms (bot-

tom) for sample ILH2A-1, highlighting noise reduction and improved distribution sharpness after

non-local means filtering.

2.4. Dual-energy CT technique (DECT)

Unlike segmentation methods, which rely directly on image resolution, the DECT technique does not

depend on visualizing pore structures to estimate porosity. In segmentation approaches, the image is

binarized by labeling each voxel as either pore (1) or matrix (0), and porosity is calculated from the volume

fraction of these labeled voxels. In contrast, the dual-energy technique estimates the bulk density of the

entire sample using X-ray attenuation data (CTN). Microporosity, although visually unresolved by medical

CT due to resolution limits of 100 µm, still contributes to the attenuation signal (i.e., CT number), resulting

in gray intensity tones in the image. These grayscale variations are processed by the DECT workflow,

enabling the estimation of bulk density and, consequently, porosity, including the contribution from

unresolved micropores as a fractal effect as shown in Figure 6. In this way, DECT captures microporosity

effects indirectly, treating them as part of the X-ray attenuation response, rather than requiring explicit

visual identification. It is important to emphasize that DECT generates maps of porosity, bulk density,

and effective atomic number, showing their spatial distribution along the rock sample. This allows the

identification of regions with varying porosity values, without explicitly classifying each voxel as pore or

matrix.

In the context of heterogeneous carbonate rocks (which are primarily composed of calcium-based min-

erals), DECT provides detailed insights into their complex structures and petrophysical properties. This

approach can be combined with laboratory measurements and high-resolution subsampling to accu-

rately estimate the total porosity of rock samples, including both connected and isolated pores, along

with other parameters (38, 26, 29, 9, 23, 32). This work applies DECT following the workflow shown in

Figure 7, and 8.
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Figure 6: (a) Schematic showing the fractal effect from (left) grayscale pixel porosity (medical CT)

to a (right) sub-pixel resolution (micro CT) with a binary structure of solid (black) and void (white)

phases. (b, c) Example of downscaling from (b) a pixel porosity distribution to (c) a binary (black

and white) image, where the average of these sub-pixel values is overlapping and represented as a

grayscale pixel at the superior scale (20).

Figure 7:Workflow for dual-energy CT bulk density and total porosity determination.

Figure 8:Workflow for dual-energy CT effective atomic number determination.
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Figure 9: Sample 1. Sensitivity of dual-energy CT-porosity to variations in matrix

and fluid densities.

The process begins with the acquisition of CT images of the rock sample along with three standard

materials with known bulk densities (𝜌𝑏) and effective atomic numbers (𝑍eff). Each material, including the

sample rock, was scanned twice using high-energy (130 kV) and low-energy (80 kV) protocols (Table 2).

During the processing stage, the average CTN for three standardmaterials was calculated from both high-

and low-energy scans. These values, along with the known bulk densities were used to formulate a system

of three equations based on Equation 3. This system can be solved using Cramer’s rule to determine the

calibration coefficients m, p, and q. A similar procedure was applied to derive the calibration coefficients

r, s, and t for effective atomic number estimation, as described in Equation 4. Once these coefficients

were established, they enabled the estimation of bulk density and effective atomic number for the rock

samples.

𝜌𝑏 =𝑚 ⋅ CTNlow + 𝑝 ⋅ CTNhigh + 𝑞 (3)

𝑍eff = (
𝑟 ⋅ CTNlow + 𝑠 ⋅ CTNhigh + 𝑡

0.9342 ⋅ 𝜌𝑏 + 0.1759
)

1
3.6

(4)

Finally, to estimate the total porosity (𝜙total) from the determined bulk density by DECT, Equation 5 is used

(𝜌𝑏 = 𝜌fluid ⋅ 𝜙total + 𝜌ma ⋅ (1 − 𝜙total)), this equation includes the matrix density matrix (𝜌ma), which can be

estimated from X-ray fluorescence (XRF) data or calculated from basic petrophysical measurements (mass

and volume), and the fluid density fluid (𝜌fluid), generally considered to be air (0.001 g/cm
3) or nitrogen

(0.00125 g/cm3) for dry samples. Figure 9 presents a sensitivity analysis showing the influence of matrix

and fluid densities on dual-energy porosity estimation. Starting with the fluid density, since the densities

of air and nitrogen are very close (differing only in the fourth decimal place), their influence on DECT-

porosity is negligible. In contrast, the range of matrix (grain) density typically observed in carbonate rocks

from 2.7 to 2.8 g/cm3 (35), has a significant impact on porosity estimation. A variation of just 0.1 g/cm3

in matrix density results in approximately a 3% change in DECT-porosity.

𝜙total =
𝜌ma − 𝜌𝑏
𝜌ma − 𝜌fluid

(5)
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Figure 10: SECT image subtraction process highlighting connected pore spaces in sample ILH2A-1:

(a) saturated sample (NaI-doped brine), (b) dry sample (air-filled), and (c) resulting enhanced pore

network image.

2.5. Single-energy CT technique (SECT)

Figure 10 demonstrates the application of the SECT technique, which enhances the contrast of the con-

nected pore network by subtracting the dry scan (air-filled sample) from the saturated scan (brine-filled

sample). Figure 10a and b, show the differences in grayscale values due to fluid content. In the high-

lighted red circle, the dry sample image exhibits darker tones in porous regions due to lower attenuation

of air, while the saturated sample image, appears lighter in those regions because of the increased X-

ray attenuation from the doped brine solution. When the saturated and dry images are subtracted (Fig.

10c), the connected pore space becomes more distinguishable as lighter areas, effectively highlighting

fluid-accessible regions within the rock. This image processing approach enables better detection and

quantification of effective porosity, particularly in complex carbonate rocks where the contrast between

phases is often limited at medical CT resolution. This approach is also widely applied in sample images

from micro CT resolution, resulting in a 3D porosity map that closely matches experimental results

obtained by a gas porosimeter (39).

An important aspect to consider when using SECT is the selection of the dopant for the saturated brine

solution, ensuring it can be effectively distinguished within the rock sample (24, 21, 14). For this study,

we used a brine doped with NaI (30 g/L) (5) for saturating and imaging the samples. Both conditions

(saturated and dry) were maintained at the same pressure (14.7 psi) and temperature (20°C). Using these

images and determining the CT number (𝐶𝑇𝑁) of the fluids present under both conditions, it is possible

to estimate the effective porosity 𝜙eff of the sample by applying Equation 6 (18, 23).
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Figure 11: Standard materials used for dual-energy CT calibration and determination of the coef-

ficients in Equation 3 and Equation 4. The plot demonstrates a strong correlation between CT

number and bulk density.

𝜙eff =
CTNsaturated − CTNdry

CTNdoped_brine − CTNair

(6)

3. PETROPHYSICAL RESULTS THROUGHDIGITAL IMAGES

The application of digital image analysis using DECT and SECT enabled a comprehensive petrophysical

characterization of the Indiana limestone samples. The DECT methodology provided 2D and 3D spatial

distributions of key properties, such as bulk density (𝜌𝑏), total porosity (𝜙total), and effective atomic num-

ber (𝑍eff), while SECT focused on determining effective porosity (𝜙eff) associated with connected pore

space.

Starting with the DECT analysis, Figure 11 shows the standard calibration materials used to determine

the DECT coefficients, which are essential for accurately estimating both bulk density and effective atomic

number. Aluminum (AL), polytetrafluoroethylene (PTFE), and polyether ether ketone (PEEK) were selected

as calibration materials and scanned inside a glass holder equipped with centralizers, using both low- and

high-energy protocols as described in Table 2. After the scanning and image reconstruction process,

the average CTN of each material was calculated. As expected, materials with higher density, such as

aluminum, showed significantly greater X-ray absorption, resulting in higher CTN values. By combining

the known bulk density and effective atomic number of each standard material with the calculated CTN

values (high and low), it is possible to apply Equation 3 and Equation 4 to determine the calibration

coefficients of the technique. The results are shown in Figure 11.

There is a strong correlation between X-ray attenuation and the density of the material it passes through.

Depending on the scanner’s detectors and resolution, this attenuation is recorded in sub-volumes (vox-

els). In the case of DECT, the technique uses both low- and high-energy attenuation values (CT numbers,

𝐶𝑇𝑁) as input to predict the bulk density of each voxel. It is important to highlight the prior calibration

process, which is crucial for the method’s accuracy. As shown in Figure 11, the relationship between

InterPore Journal, Vol. 3, Issue 2, 2026 https://doi.org/10.69631/s3tb8r43
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Figure 12: Empirical calibration between dual-energy CT estimated and measured bulk densities

using standard referencematerials.

attenuation values and bulk density is quantified by the coefficients of determination, with 𝑅2 = 0.9020

for high energy and 𝑅2 = 0.8682 for low energy, demonstrating a strong correlation between CT number

and bulk density. The difference (𝛥𝑅2) can be attributed to perturbations in the average 𝐶𝑇𝑁 values at low

energy. This effect is evident in the plot for the aluminum standard (Al), which shows a low-energy atten-

uation (𝐶𝑇𝑁) of 2994 HU compared to 2344 HU at high energy. The difference arises because aluminum,

being a denser material (2.71 g/cm3), partially absorbs the polychromatic low-energy X-ray beam. This

behavior increases the attenuation at low energy and is directly related to the beam hardening effect.

Since the total porosity equation (Eq. 5) includes measured values for the solid matrix and pore fluid

densities, as well as the estimated bulk density of the sample, a final calibration was performed. This bulk

density calibration employed an empirical relationship between the measured and DECT-estimated bulk

densities. The calibration relationship was derived using reference materials with well-known properties,

as shown in Figure 12.

After the calibration step was carried out (i.e., obtaining the calibration coefficients), all rock samples

were scanned using the dual-energy protocol under the same conditions as the calibration materials

(within a glass holder at atmospheric pressure and room temperature). The DECT equations (Eq. 3, Eq.

4, and Eq. 5) were then applied to determine the petrophysical properties of the carbonate samples.

For the porosity estimations, the matrix density was defined as 2.72 g/cm3, based on the mineralogical

composition determined from X-ray fluorescence (XRF) analysis reported in the literature (15), and the

fluid density was set to 0.001 g/cm3, corresponding to the density of air. Table 3 summarizes the results

obtained from the DECT technique for each sample. Total porosity values ranged from 16.1% to 21.3%,

with differences of up to 8.43% compared to gas porosimeter measurements. It is important to note

that the gas porosimeter measures effective porosity, while the DECT technique estimates total porosity

(including both connected and isolated pores). Additionally, our DECT-based porosity estimation was

performed on a volume of interest (VOI) representing approximately 89% of the total sample volume,

following the masking pre-processing step.
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Table 3: Dual-energy CT petrophysical results for rock samples, including percentage

differences compared to basic petrophysics measurements. (Diff. denotes "Difference")

Sample Total Porosity Diff. Bulk Density Diff. Eff. Atomic Number Diff.

Number 𝜙total (%) (%) 𝜌𝑏 (g/cm
3) (%) 𝑍eff (%)

1 20.4 11.5 2.16 0.47 14.5 5.80

2 16.6 5.14 2.27 5.09 14.2 3.31

3 16.1 9.55 2.28 6.05 14.2 3.26

4 16.8 4.55 2.26 5.12 14.3 3.51

5 19.5 8.33 2.19 2.34 14.5 5.19

6 21.3 11.5 2.14 0.94 14.6 6.85

Average 18.5 8.43 2.22 3.34 14.4 4.65

Table 4: Single-energy CT (SECT) effective porosity results for Indiana limestone samples,

including percentage differences relative to gas porosimeter measurements, along with

uncertainties from dual-energy CT (DECT), SECT, and porosimeter methods.

Sample DECT Total SECT Effective Porosimeter Effective Differences

Number Porosity𝜙total (%) Porosity𝜙eff (%) Porosity𝜙eff (%) (%)

1 20.38 ± 10.02 18.68 ± 4.36 18.27 ± 0.37 2.19

2 16.59 ± 9.97 16.46 ± 4.42 17.48 ± 0.37 5.71

3 16.12 ± 9.69 16.15 ± 4.28 17.73 ± 0.37 9.55

4 16.78 ± 9.15 16.38 ± 4.01 17.60 ± 0.37 6.82

5 19.54 ± 13.08 17.39 ± 5.65 17.97 ± 0.36 3.33

6 21.34 ± 9.86 18.34 ± 4.44 19.13 ± 0.38 4.19

Average 18.45 17.24 18.03 5.30

Bulk density and effective atomic number estimates exhibited percentage differences of 3.34% and 4.65%,

respectively, when compared with bulk density determined via gravimetric method (mass-to-volume

ratio), and with mineralogical results of Indiana limestone lithology obtained through X-ray fluorescence,

as reported in the literature (15). These results indicate the good performance of the DECT technique,

demonstrating its ability to produce results closely aligned with conventional laboratory methods, even

when applied to larger samples at medical CT resolution.

Visual representations of DECT results for sample 1 are shown in Figure 13 and Figure 14. In Figure 13,

the 2D maps illustrate property variations across internal selected slices of the core sample. The petro-

physical property maps were generated using the high- and low-energy CT images as inputs, processed

through the DECT calibration workflows. Variations in color map intensity reflect the spatial distribution

of these properties, allowing the identification of zones with higher and lower values of total porosity,

bulk density, and effective atomic number.

Figure 14 presents the 3D reconstruction of petrophysical properties for sample 1, together with their

profiles along the sample length. These visualizations highlight heterogeneities and spatial variations

in properties such as bulk density, total porosity, and effective atomic number. The results confirm the

capability of the DECT technique to detect spatial trends and local deviations in rock properties, which is

particularly valuable for characterizing heterogeneous carbonate formations.

The effective porosity results obtained using the SECT technique for the six analyzed Indiana limestone

samples and their average are included in Table 4. Effective porosity (𝜙eff) values ranged from 16.1% to

18.7%, with a percentage difference of 5.30% compared to gas porosimetermeasurements. It is important

to highlight that these results correspond to a volume of interest (VOI) representing approximately 89% of

the total sample volume. The relatively low deviation from basic petrophysics demonstrate the reliability

and accuracy of the SECT method in quantifying effective porosity from medical CT images, supporting

its potential use for larger-scale petrophysical characterization.
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Figure 13: Dual-energy CT (DECT) based 2D property maps for sample 1: High- and low-energy

CT images were used to compute bulk density, effective atomic number, and total porosity using

DECT calibration coefficients. Color variations reflect spatial heterogeneities within the sample

slice 38/67.

In terms of uncertainty, the three methods diverge. Dual-energy CT involves multiple arithmetic stages:

obtaining the calibration coefficients (𝑚, 𝑝, 𝑞) from standards (Eq. 3, solved using Cramer’s rule) with the

standards’ CT and density uncertainties; predicting the bulk density for the rock sample using the low- and

high-energy CT number (𝐶𝑇𝑁) and the calibration coefficients uncertainties; and finally estimating total

porosity (Eq. 5), which also depends on the uncertainties of matrix density (from X-ray fluorescence) and

fluid density. Each step adds variance, and this propagation of uncertainties explains the larger deviation

in DECT total porosity reported in Table 4 (±9 to 13%). Single-energy CT, in contrast, applies a single

ratio (Eq. 6), propagating only the standard deviations of the high-energy 𝐶𝑇𝑁 of the saturated and dry
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Figure 14: 3D maps and axial profiles of total porosity, bulk density, and effective atomic number

for sample 1 obtained via dual-energy CT. Vertical profiles show property variations along the core

length, with reference lines indicating minimum, average, andmaximum values.
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Figure 15: 3D map and axial porosity profiles for sample 1 derived from single-energy CT (SECT).

The comparison includes total porosity from dual-energy CT, effective porosity from SECT, and ref-

erenceporosity fromthegasporosimeter. Theprofileshighlight spatial variationsand thedistinction

between connected (effective) and total pore volume.

samples and the 𝐶𝑇𝑁 of brine and air fluid references, as a result, its uncertainties are more compact

(±4 to 6%). Finally, the gas porosimeter provides a direct measurement, accounting for uncertainties in

pore volume as a function of pressure and the dead volume of the equipment; therefore, it exhibits the

smallest deviation (±0.36 to 0.38%).

The SECT and DECT techniques were further compared in Figure 15 through porosity profile analysis

of sample 1. This comparison shows consistency between the two approaches in identifying regions of

increased pore volume, although SECT focuses on the connected pore system while DECT includes both

connected and isolated pores. Together, these results demonstrate that medical CT imaging, despite the

lower image resolution, is capable of delivering estimates of key petrophysical parameters. The combined

use of DECT and SECT enhances interpretation by distinguishing between total and effective porosity, a

crucial aspect for evaluating fluid flow potential in carbonate reservoirs.

Porosity estimations from SECT and DECT, along with gas porosimeter measurements, for the six Indiana

limestone samples are summarized in the radar plot shown in Figure 16. The results highlight samples 1,

5, and 6, where SECT effective porosity (𝜙eff) closely matches gas porosimeter measurements, and the

DECT total porosity (𝜙total) results are above the porosimeter measurements. In contrast, samples 2, 3,

and 4 present SECT and DECT estimations with greater deviation from gas porosimeter measurements.

This discrepancy can be partially attributed to the 11% of the sample volume not analyzed, as the volume

of interest (VOI) comprises only 89% of the total sample volume.

Finally, porosity maps obtained through the DECT workflow can help identify unresolved regions within

the segmented medical CT images. As shown in Figure 17, macropores segmented from the medical CT

images of sample 6 (ILH2A-6) accounted for only 0.24% of the total porosity, compared to an average

DECT porosity of 21.3%. This indicates that 21.06% of the porosity corresponds to unresolved sub-pixel

pores, which cannot be directly visualized at medical CT resolution. Nevertheless, the DECT porosity maps

provide helpful information to infer the spatial distribution of these sub-resolution pores. By mapping the

highest voxel values from the DECT porosity maps (while excluding the already labeled resolved macro-
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Figure16: Radarplot comparingporosity estimations fromsingle-energyCT (SECT)anddual-energy

CT (DECT) with gas porosimeter measurements for six Indiana limestone samples.

pores) it is possible to enhance the segmentation by adding an additional label for unresolved regions.

These unresolved regions represent zones with potential meso and microporosity, thereby extending the

applicability of the segmentation workflow beyond macropore detection and enabling a more realistic

pore space characterization, which is important for future permeability estimations. These preliminary

results should be validated against higher-resolution images that can directly resolve and quantify meso

and micropores within the unresolved regions.

Future work could extend the use of SECT and DECT porosity maps to estimate permeability distributions.

One possible approach is to apply analytical models, such as the Kozeny–Carman equation, which relates

porosity to permeability by assuming simplified pore geometry (capillary tubes of an effective radius) (13).

The representative pore size needed for this calculation can be obtained from complementary measure-

ments such as MICP or nuclear magnetic resonance. Another possibility is to integrate porosity maps into

multiscale digital rock workflows, where pore-network models capture the connected pores resolved by

CT, and unresolved regions are upscaled populating the microporosity detected at higher resolutions

(micro CT and synchrotron CT) (29, 9). These approaches, supported by previous studies, provide a way

to generate permeability maps and investigate flow behavior from the porosity distributions obtained in

this work. Although this was not performed here, we acknowledge it as a limitation and suggest it as

future research.
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Figure 17: Sample 6. Segmentation workflow supported by dual-energy (DECT) porosity maps to

identify unresolved regions associated with meso and microporosity not seen at the studied reso-

lution.

4. DISCUSSION

One of the primary challenges identified in this study relates to the image quality of the low-energy CT

scans. As shown in Figure 18, the low-energy image of sample 1 exhibits noticeable artifacts, particularly

at the edges of the sample, which can impact the accuracy of CT number extraction and consequently,

the computed petrophysical properties. These artifacts mainly arise from beam hardening and reduced

X-ray penetration at lower energies. Despite applying filtering techniques and optimizing acquisition

parameters, specifically by increasing exposure time and reducing the spiral pitch factor to achieve the

maximum effective mAs permitted by our medical CT scanner, some artifacts remained evident.

Figure 19 provides the quantitative results of statistical analyses for both the inputs (high- and low-

energy images) and the outputs (porosity, bulk density, and eff. atomic number maps) obtained from

the dual-energy technique. Following the discussion of how artifacts (beam hardening) affect the CT

number of low-energy intensity image, this is evident in its histogram, which displays an anomalous

region between 3055 HU and 3075 HU (white region), representing 41% of the total voxels in the image.

However, this anomalous region does not appear in the high-energy image, which instead exhibits a well-

behaved unimodal histogram. In this context, the derived outputs, such as porosity, bulk density, and

effective atomic number, obtained as a function of both low- and high-energy images combined with
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Figure 18: Comparison of image quality between low- and high-energy CT scans of sample 1 (slice

38/67), highlighting the lower image quality in the low-energy scan.

the calibration process, show acceptable results, as reflected in their respective histograms and standard

deviations of 5.84, 0.15, and 0.45.

The beam hardening correction (BHC) module from the commercial software Avizo 3D was tested on

the low-energy images of rock sample 1, aiming to correct the artifact-affected region and recover pore

information in that zone. However, as shown in Figure 5b, it did not reveal additional pore structure

details in the sample image, but only modified the grayscale intensity, shifting the anomalous white

tone (3065 HU) to a gray level (2958 HU), as reflected in the histograms of the original and corrected

images. This low performance of the module is explained by the heterogeneous nature of the carbon-

ate rock, which contradicts the homogeneity assumption required by the BHC algorithm. Because the

method relies on a radial intensity profile normalized by the inner region, mineralogical variations and

pore heterogeneity reduce its ability to distinguish beam hardening artifacts, resulting in limited cor-

rection efficiency. Therefore, this correction should only be applied to fairly homogeneous samples, as

shown in Figure 4a (41).

In addition to the BHC module, another potential approach for mitigating artifacts in CT images is the

use of iterative reconstruction (IR) techniques. Iterative algorithms incorporate statistical or numerical

models of the acquisition process, allowing them to progressively refine the reconstructed image. This

approach has demonstrated improved performance in reducing artifacts such as beam hardening and

ring effects, while enhancing image quality (6, 30). However, implementing IR methods requires access

to the projection data, which were not available in this study. It is important to note that the Siemens

SOMATOM® Emotionmedical CT scanner used in this work does not provide access to the raw projection

data (sinograms), but only to the final reconstructed images obtained through filtered back-projection,

as it is designed primarily for clinical applications (10). Future studies using synchrotron beamlines or

industrial scanners, where both raw projection data and reconstruction processes are fully accessible,

could apply this approach, allowing more advanced corrections and potentially improving the accuracy

of petrophysical property estimation in heterogeneous carbonate rocks.

Another important factor affecting the accuracy of petrophysical property estimation is the selection of

the region of interest defined by the masking step in the preprocessing. Figure 21 shows how variations

in mask diameter influence the calculated values of total porosity, bulk density, and effective atomic

number. Results indicate significant variations near the sample edges, where artifacts become more

pronounced. Reducing the mask diameter to exclude these problematic regions and concentrating the

analysis on the central portion of the sample (highlighted by the purple circle) improved the stability and

consistency of property estimations. However, this approach considerably reduces the volume of interest
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Figure 19: Sample 1. Statistical analysis of input (low- and high-energy) and output (porosity, bulk

density, and effective atomic number) images from the dual-energy technique, highlighting the

effect of artifacts in the low-energy histogram.

(VOI) from 88.89% to 34.35%, emphasizing the need for careful consideration of mask size selection in

image-based petrophysical analyses.

In this work, the reduction of the VOI was applied to minimize image artifacts. More generally, VOI

reduction (or reducing the sample size) is often performed to achieve higher resolution and enable the

detection of micro- and nanopores, particularly when using micro CT or synchrotron radiation. As shown

in Figure 1, achieving micro- and nano-scale resolution that typically requires preparing samples with

diameters of around 200 µm (3). These variations in VOI can be associated with the concept of the

deterministic Representative Elementary Volume (REV), which defines the minimum volume required to

ensure that the measured properties remain statistically consistent (4). However, when analyzing carbon-

ate rocks, this reduction can strongly affect representativeness due to their heterogeneous nature. These

rocks commonly contain macropores (vugs) up to 200 µm in size (25), which are connected through net-

works of meso- and micropores. Therefore, selecting and complementing different sample sizes across a

wide range of resolutions is essential to capture the full pore size distribution, ensuring statistical reliability

of analyses that account for micropores, mesopores, and macropores.

The DECT technique was applied to carbonate rock samples to analyze their complex heterogeneity and

spatial distribution of petrophysical properties. However, given the limitations previously reported and

discussed, we also tested the methodology on a well-behaved homogeneous sandstone long sample
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Figure 20: Application of the (a) Avizo 3D beam hardening correction (BHC)module (41) on (b) low-

energy images of rock sample 1. The correction shifted grayscale intensity but failed to recover pore

details.

(30 cm in length), specifically a Berea Buff lithology, with its basic petrophysics presented in Figure 22a.

Sample 7 was placed inside an aluminum core holder and pressurized with nitrogen at a pore pressure

of 1450 psi, as shown in Figure 22b. In this setup, the X-ray beam passes through the core holder

wall, deionized water, and rubber before reaching the rock sample, with these materials acting as X-

ray filters. As the polychromatic beam passes through, the aluminum selectively absorbs lower-energy

(softer) photons while allowing higher-energy (harder) photons to pass more easily (19). These higher-

energy photons penetrate the rock sample with less absorption than the low-energy photons, thereby

mitigating beam hardening effects in the acquired images.

After the acquisition stage, the low- and high-energy scans were reconstructed, resulting in improved

images with mitigated beam hardening artifacts in the low-energy CT, as shown in Figure 23. For com-

parative purposes, the same colormap range (1440 HU to 2426 HU) was applied to the high-energy CT,

highlighting the contrast between both images of the same rock sample slice. This difference in attenu-

ation values for the same bulk density, and the calibration process through standard materials, ensures

the accuracy of the DECT technique. It is also important to note that the calibration standards were

re-scanned in this new setup to obtain updated calibration coefficients (𝑚= −2.10; 𝑝 = 3.44; 𝑞 = 1035.92;

𝑟 = 29424.23; 𝑠 = −27600.87; 𝑡 = 1004228.95). For porosity estimation (Eq. 5), a Berea Buff sandstone

matrix density of 2.64 g/cm3 (16), and nitrogen as the pore fluid with a density of 0.00125 g/cm3 were

considered.

The mitigation of beam hardening is confirmed by analyzing the histogram of attenuation values (CTN)

in Figure 24, particularly from the low-energy scan, which shows a well-distributed unimodal histogram

without perturbations such as secondary peaks. The other property histograms, derived from the DECT

methodology for this sandstone sample, estimate accurate average values of 2.12 g/cm3 for bulk density

and 19.73% for porosity, consistent with basic petrophysical measurements. These results reinforce the

reliability and applicability of this methodology for the petrophysical characterization of homogeneous

rock samples. Recent work (43), replicated the DECT technique on 114 rock samples, including 45 sand-
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Figure 21: Variation of petrophysical properties with mask diameter reduction in sample 1. The

plots show how total porosity, bulk density, effective atomic number, and volume of interest (VOI)

change with mask diameter.

stones and 69 carbonates, and demonstrated accurate porosity estimations, further establishing DECT as

a robust methodological framework.

Finally, Figure 25 illustrates the 3D and 2D views of the porosity map of sample 7 obtained through the

DECT workflow, along with the porosity profile along the sample length. The profile shows values ranging

from 19% to 20%, demonstrating the homogeneous behavior of this sandstone core. The selected 2D

slices (6, 173, and 395) display similar spatial porosity distributions, further supporting the homogeneity

observed along the core.
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Figure 22: Sample 7. Homogeneous Berea Buff sandstone: (a) basic petrophysics and (b) x-ray

acquisition setup.

Figure 23: Comparisonof image contrast between low- andhigh-energyCT scansof sample 7 (slice

173/399), highlighting the mitigation of the beam hardening artifact in the low-energy image.
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Figure 24: Sample 7. Statistical analysis of input (low- and high-energy) and output (porosity, bulk

density, and effective atomic number) images from the dual-energy technique, highlighting the well

distributed histogram of low-energy image.
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Figure 25: Sample 7. Dual-energy CT (DECT) porosity estimation shown in 3D/2D views with corre-

sponding sample profile.
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5. CONCLUSION

This work demonstrates that medical CT imaging for petrophysical characterization offers a faster and

more cost-effective solution, allowing the analysis of considerably larger samples and overcoming cost

and time-consuming limitations of high-resolution imaging techniques. The applied methodology pro-

vided close estimation of rock sample properties, such as bulk density, effective porosity, and effective

atomic number, obtaining percentage differences of 3.34%, 5.30%, and 4.65%, respectively, when com-

pared with bulk density determined via gravimetric method, effective porosity measured using a gas

porosimeter, and mineralogical data reported in the literature. Although these findings are promising,

they should be considered as preliminary. Further validation, particularly in heterogeneous carbonate

rocks, is required to fully establish the reliability and applicability of the method.

The integration of DECT and SECT techniques using medical CT resolution allowed for the obtaining of

spatially resolved 2D and 3D maps of petrophysical properties, effectively quantifying and visualizing

heterogeneity in Indiana limestone samples. Despite optimizing acquisition parameters and prepro-

cessing steps, the persistence of artifact zones in low-energy CT images and sensitivity of petrophysical

estimations to the selection of the VOI reveal certain limitations of the current methodology. An alterna-

tive experimental setup using an aluminum core holder for CT acquisition in a homogeneous sandstone

sample demonstrated improved performance of the methodology, minimizing artifacts and providing

more accurate petrophysical estimations, enhancing its potential for application in routine petrophysical

analyses of homogeneous rock samples.

While this study demonstrates the applicability of medical CT for petrophysical characterization, further

validation against high-resolution micro CT (𝜇-CT) data is still required to confirm the accuracy of the

methodology in heterogeneous carbonate rocks. This effort is already underway in our ongoing research,

with preliminary results comparing medical CT and 𝜇-CT images presented in Antelo et al. (2). Future

publications will report these and additional findings in greater detail.
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