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Abstract

Identifying rock properties at the pore scale plays a crucial role in understanding larger-scale properties. For this pur-

pose, the digital rock physics technique is used to model rock images at the pore scale. Achieving high-resolution (HR) 

images with a large field of view (FoV) is essential for pore-scale modeling of heterogeneous rock samples, which 

presents significant challenges due to their complex structures. However, because of the trade-off between resolution 

and FoV, it is not possible to acquire large HR images. Multi-scale image reconstruction methods enable modeling 

images at different resolutions and FoVs. Despite various approaches being introduced, a common limitation is the 

high computational cost. In this study, a novel approach based on Octree structures is introduced to minimize com-

putational cost while maintaining accuracy. A Berea sandstone (BS) and an Edward Brown Carbonate (EBC) sample 

were scanned at both HR and low resolution (LR) using X-ray microtomography. Our method involves splitting the 

unresolved porosity in rock images into smaller sections of unresolved templates using the watershed algorithm and 

considering the optimized parameters. We then applied a cross-correlation based simulation technique to find the best 

match of each unresolved template. The novelty of our approach lies in the use of an Octree structure to perform cal-

culations on LR images, significantly reducing computation time and memory consumption due to the fewer number 

of pixels in Octree LR structures. The accuracy of the images thus reconstructed using our approach was compared 

with those from previous methods by evaluating geometric properties and single- and two-phase flow properties. The 

results were promising, demonstrating that our approach achieved a permeability close to the real value, while the 

previous method had an error of approximately 4% for both BS and EBC rocks. More importantly, our approach was 

approximately three times faster and reduced memory usage by 20 to 130 times. The findings of this study facilitate 

dual- or multi-scale modeling and evaluate heterogeneous rock images at a significantly lower computational cost. In 

particular, for heterogeneous rocks, where multi-scale image reconstruction demands substantial memory and runtime, 

the use of the Octree technique enables accurate reconstruction with lower computational cost.
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1 Introduction

The unbiased quantification of porous media properties is essential in various applications such as geosciences 

[1–6], underground hydrogen storage [7], and carbon capture and storage [8, 9]. Digital rock physics (DRP) is 

an effective and cost-efficient technique for predicting rock properties extracted from their images (usually CT 

scan-based methods) [10–13]. Many rocks worldwide exhibit highly heterogeneous structures, including tight 

sandstones, shales, and carbonates [14–17]. These rocks can have pore sizes at wide ranges, rendering pore 

modeling quite challenging. The main limitation of imaging devices such as X-ray computer microtomography 

(µXCT) is the trade-off between resolution and field of view (FoV). Therefore, it is not possible to obtain high 

resolution (HR) scans of rocks with a large FoV to accurately model the pore-scale at necessary details [2, 10, 18, 

19]. Therefore, in most cases, the HR scans typically have a small FoV and are not at representative elementary 

volume (REV) size [10]. To address this issue, multi-scale image or pore network reconstruction techniques are 

introduced to resolve pore-scale details of heterogeneous rocks [20–22].

The pore network is based on the simplification of porous media to a series of pores and throats with arbitrary 

shapes (mostly spheres and cylinders) [23, 24]. It can preserve accuracy while reducing the computational cost 

[23–28]. Previous studies have introduced various multi-scale pore network reconstruction methods, including 

regular and upscaled approaches [18, 22, 29–32]. Prodanović et al. [30] used the Delaunay tessellation approach 

to randomly packed grain centers to generate a macro-pore network. Microporosity locations were then selected 

on the 3D images and a macro-to-micro scale ratio was defined to map a downscaled version (micro-pore network) 

of the macro-pore network into the selected microporosity area. The micro-pore network was then connected to 

the macro-pore network through throats. In a similar study, Sadeghnejad and Gostick [31] constructed dual-scale 

pore network in an opposite manner by adding macro-pores to a micro-pore network. They first modeled a regular 

equivalent pore network of a carbonate rock without vugs, and then added various numbers of vugs statistically 

to the system containing micropores in various realizations. These methods require high computational costs 

because of the presence of a large number of micropores. Moreover, one of the most significant challenges in these 

studies is establishing connections between scales. In further resolving this issue, Moslemipour and Sadeghnejad 

[18] modeled an irregular dual-scale pore network on real extracted pore networks from a carbonate sample at 

different resolutions. They generated a meso-scale equivalent pore network from µXCT images with a large FoV. 

Vugs were then added to this pore network using the extracted properties from medical-CT rock scanning. This 

method offers good accuracy but still requires high memory space for reconstruction and property calculation. To 

solve this issue, some upscaling techniques have been introduced. Bultreys et al. [32] modeled the pore network 

containing large and micropores by considering some “micro-links” to larger pores. The micro-links were added 

in the series and parallel to the macro-network. Although this approach could reduce computational costs, using 

the micro-link assumption still ignores some of the pore-scale complexities that influence prediction results. To 

address this, a recent study by Moslemipour et al. [22] introduced a multi-scale pore network reconstruction and 

upscaling method based on artificial neural networks. This method connects the scales using an artificial neural 

network, which enhances the accuracy of the reconstructed multi-scale pore networks while also reducing com-

putational costs for property calculations by introducing an upscaling method.

In addition to multi-scale pore network reconstruction, researchers have also employed various techniques to 

reconstruct multi-scale images of heterogeneous rocks [33–39]. They proposed two methods for multi-scale image 

reconstruction: statistical and machine learning (ML). The more advanced ML approach was more recently used 

efficiently in different multi-scale studies and applications [40–44]. However, in multi-scale image reconstruction, 

ML requires extensive data and computational cost especially for large images. Therefore, statistical methods, 

using less data and lower computational costs, are of more practical importance [45, 46]. Okabe and Blunt [47] 

utilized µXCT to visualize large pores and multiple-point statistics to represent small pores, integrating them 

into a multi-scale porous medium model. Tahmasebi et al. [48] utilized cross-correlation-based multiple-point 

statistics to construct a 3D multi-scale digital model of shales, incorporating HR images for nanoscale pores and 

low-resolution (LR) images for large-scale pore space. They introduced a multiresolution method to reduce run 
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time and a histogram-matching algorithm to account for concealed nanopores. In addition to these methodolo-

gies, several other studies aimed at improving the accuracy of reconstructed images in the statistical framework. 

Li et al. [49] presented a method for integrating HR and LR images, preserving large-scale structures but facing 

challenges with micro-micro connections. Jacob et al. [50] found that a REV analysis is more reliably achieved 

by analyzing the mean permeability variance than by analyzing the pore microstructure alone. Therefore, nano-

porous domains (porous voxels) were defined in the µXCT data modeling to match better the sample permeability 

[51]. Additionally, the absence of assumed micro–macro connectivity introduced discrepancies in permeability 

results. Wang et al. [52] proposed the Local-Similarity Statistic Reconstruction method to improve pore connec-

tivity. However, a limitation of this method was the requirement for HR and LR scans from the same location on 

a rock. Wu et al. [53] presented an algorithm for constructing multi-scale images of heterogeneous rock samples 

based on cross-correlation based simulation (CCSIM). They developed a 3D template of HR images and utilized 

a scan template with an overlap region (OL) on LR images to compute the cross-correlation function (CCF). The 

best-matched pattern from the HR template was then inserted into the LR image. In a similar study, Moslemipour 

et al. [54] tried to improve accuracy of the Wu et al. [53] approach by introducing the CCSIM Watershed-based 

Multi-scale Reconstruction (CWMR) method. This method, which considers novel overlapping areas, selects the 

best-matching template from the HR image for each unresolved template in the down-sampled LR image using 

CCF. However, it still has a high computational cost because it performs calculations on the down-sampled LR 

image. Due to the down-sampling of voxel size, the number of voxels significantly increases, requiring substantial 

memory space for storage. Additionally, performing calculations on a large number of voxels is time-consuming.

In this research, we modified the CWMR approach for multi-scale image reconstruction using the Octree 

structure approach, which reduces memory consumption and run time. This novel approach is then called Octree 

CCSIM-based Watershed Multi-scale Reconstruction (OCWMR). This is to initially segment the LR image 

into three distinct phases: pore, matrix, and unresolved porosity. Then, the watershed segmentation algorithm 

is employed to break down the unresolved regions of the image into smaller sections known as unresolved tem-

plates. For more accurate multi-scale images, a sensitivity analysis is performed on the watershed algorithm 

parameters. Subsequently, the voxel size of each unresolved template is down-sampled to match that of the HR 

image. However, the voxel size of the pore and matrix phases is preserved. This process transforms the LR image 

into an Octree structure. This approach significantly reduces the computational cost of reconstructing multi-scale 

images. Following this workflow, the CCF equation is used to find best-match templates from HR images for 

each resampled unresolved template. These thus selected templates are then integrated into the Octree structure. 

Finally, this structure is converted to a single resolution image to reconstruct the multi-scale image. With this 

OCWMR approach, 10 different realizations were reconstructed to estimate petrophysical and morphological 

image properties and validated against the reconstructed image properties using the classical CWMR approach.

The novelty of our OCWMR method, compared to previous approaches, particularly the CWMR method, lies in 

using the Octree structure technique, which significantly reduces memory usage and simulation runtime. Instead 

of performing calculations on the entire image at the finest voxel size when combining two images with different 

resolutions, computations are conducted on the same image utilizing an Octree structure. Specifically, watershed 

segmentation is applied at the larger voxel size, while template selection is performed only on the unresolved 

templates at the finest voxel size. Additionally, the OCWMR method employs optimal parameters for watershed 

segmentation, enhancing the accuracy of reconstructed multi-scale images compared to the CWMR method.

The remainder of the paper is organized as follows: Section two presents the methodology for describing the 

OCWMR method and its differences from the CWMR method. In the next section, we first present the REV 

analysis of the HR image to validate the OCWMR method. Then, we present the results of image and watershed 

segmentations. We then analyze the single- and two-phase flow properties of the reconstructed multi-scale images 

using the CWMR and OCWMR methods. It is followed by our conclusion and the main findings.
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2  Methodology

The flowcharts illustrating the reconstruction of the multi-scale image using the CWMR and OCWMR methods 

are shown schematically in Fig. 1. Both methods start with resampling the LR image, followed by the segmenta-

tion of the LR and HR scans. In the CWMR method, the segmented LR image is down-sampled, and watershed 

segmentation is applied to this down-sampled image to identify the unresolved templates. Then, by solving the 

CCF equation on the segmented HR image, a suitable template is selected for each unresolved template in the 

down-sampled LR image until all unresolved templates are replaced. Finally, the multi-scale image is recon-

structed. In contrast, the OCWMR method applies watershed segmentation directly to the LR image to identify 

unresolved templates. The voxel size is then reduced only in the unresolved templates to construct the Octree 

structure. By solving the CCF equation on the segmented HR image, a suitable template is selected for each 

Fig. 1  Schematic flowcharts of (a) CWMR and (b) OCWMR methods
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unresolved template in the Octree structure until all unresolved templates are replaced. Finally, the multi-scale 

image is reconstructed. More details of each step are explained in the following sections.

2.1  Pre-processing

Two well-known heterogeneous rock benchmark samples were used in this study. The first rock sample was a 

Berea Sandstone (BS), and the second one was an Edward Brown Carbonate (EBC). The BS rock sample was 

scanned at two different resolutions, 1.28 µm and 2.4 µm, respectively. In the case of the EBC rock sample, 

scanning was conducted at resolutions of 1.49 µm and 10.88 µm. Figure 2 shows a 2D scan from 3D grayscale 

images of the two rock samples. The LR and HR images of the EBC rock and the LR image of the BS rock were 

first scanned using a laboratory µXCT scanner [55]. Then, a computer software called X-AID (MITOS GmbH, 

Fig. 2  A 2D scan from 3D 
grayscale (a) HR and (b) LR 
micro-CT scans of the BS 
rock sample, along with a 2D 
(c) HR and (d) LR micro-CT 
scans of the EBC rock sample
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Germany) was utilized for the reconstruction, beam hardening, and ring artifact correction. The 3D image of the 

entire BS rock was scanned at HR of 1.28 µm using the beamline HEREON IBL P05 of the X-ray synchrotron 

light source PETRA III at DESY Hamburg. A sophisticated computer script written in MATLAB® was used 

for reconstruction and ring artifact correction in the images obtained through this synchrotron µXCT [56]. In 

this study, the iterative method is used for image reconstruction from images. Iterative methods significantly 

outperform traditional techniques such as filtered back projection in terms of reducing noise, decreasing bloom-

ing artefact, and improving the image quality [57, 58]. Moreover, ML-based approaches, once trained, can 

provide faster and more accurate results [59]. However, iterative methods have more usage for their robustness 

to different scenarios and the lack of need for large training datasets [59]. In addition, the methods to decrease 

ring artifacts can be classified into two main categories: sinogram processing (pre-processing techniques) and 

post-processing techniques [60]. ML-based methods are also used for this purpose [61]. Among the most famous 

Fig. 2  (continued)
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methods of pre-processing and post-processing techniques, Fourier-based and median filter methods are known, 

respectively [60]. In this study, a Fourier-based approach was used to correct ring artifacts. This approach filters 

the ring patterns in the frequency domain and thus causes an effective ring artifact reduction. Compared to other 

simpler methods, such as median filtering, the Fourier method can reduce sharp rings of varying intensity and 

does not blur finer details in the image [60, 61]. Moreover, at the P05 beamline, specific settings were utilized, 

which were a monochromatic X-ray beam with an energy of 30 kilo-electron volts (keV), an XIMEA camera with 

5,001 projections, and a binning factor of 1. Then, all scans were de-noised utilizing the non-local means method, 

accomplished using ImageJ version 1.52 software. Subsequently, the LR scans were cropped to dimensions of 

400 × 400 × 400 voxels and 187 × 187 × 187 voxels for the BS and EBC rock samples, respectively.

After image processing, the LR images were resampled for both rock samples. This resampling is essential 

to combine the LR and HR scans using the Octree structure method. For this purpose, the size of the LR scan 

voxels was resampled so that they were  2n times smaller than the pixels in the HR scans. To be more specific, 

the HR scan's pixels became  2n times smaller, where 'n' is an integer number. We used the Bi-cubic resampling 

method in ImageJ version 1.52 software package. Bi-cubic interpolation maintains the structures in the images and 

reduces the artifact generation during the resampling process by considering 64 neighboring voxels to calculate 

the new voxel values. Therefore, it causes the least possible changes to the properties of the rock samples. For this 

purpose, the LR scan pixel size of the BS and EBC rock images were resampled from 2.40 and 10.88 µm to 2.56 

and 11.92 µm, respectively. The pixel size of HR scans becomes two ( 2.56�m = 21
× 1.28�m ⇒ n = 1 ) and eight 

( 11.92�m = 2
3
× 1.49�m ⇒ n = 3 ) times smaller than the pixel size of the LR scans, respectively. Therefore, the 

LR scan of the BS rock sample was resized from 400 × 400 × 400 voxels to 375 × 375 × 375 voxels. Similarly, the 

LR scan of the EBC rock sample was adjusted from 187 × 187 × 187 voxels to 170 × 170 × 170 voxels.

At the final stage, the segmentation of µXCT scan images into different phases is a crucial step in the DRP 

workflow [62]. This process involves segmenting the scanned image into different parts or regions based on the 

gray value of pixels. HR scans were thus segmented into pore and grain phases. However, segmenting the LR 

image was more challenging due to the presence of unresolved voxels. Our spatial resolution was larger than 

the small-scale size of the pores in the rock, so this imaging method could not capture them at this resolution. 

Therefore, in the LR image, an additional phase called unresolved porosity needs to be segmented in addition to 

the pore and matrix phases. HR and LR scans were segmented using a supervised artificial intelligence technique 

within the GeoDict 2023 software package (Math2Market GmbH, Kaiserslautern, Germany). In this software, 

a supervised deep learning network model called UNet is used for segmentation. The user annotate (or paints) 

thereby a series of labels directly onto the image, which are then provided as training data for the UNet network 

segmenting the original images based on these inputs. The more training data are provided to the UNet model, the 

better is its ability to segment pixels accurately [63]. The resulting output was segmented two phase HR images 

or three phase LR images. The third phase in the LR images was unresolved porosity. It’s crucial to accurately 

label the boundary voxels between phases, as this significantly impacts the quality of the reconstructed images at 

multiple scales. The training utilized a window size of 52 × 52 × 52  voxels3 with a stride of 6 in each direction. The 

number of features in the first and second layers were 16 and 32, and the training process consisted of 10 epochs.

2.2  CWMR

The CWMR approach was already used by Moslemipour et al. [54] to construct a multi-scale image. The basis 

of this approach was the construction of multi-scale images using watershed segmentation and the CCF equation 

for selecting the best-match templates from HR images. This approach was somewhat modified compared to the 

other approaches, which improved the results and further reduced the computational cost. In this approach, first 

the LR image was down-sampled and the unresolved porosity was divided into smaller parts (unresolved mask) 

using the watershed segmentation method. The watershed segmentation started by using a Gaussian filter with a 

sigma value of 0.4 to identify the local minima points in the image. Next, the distance transform was calculated 

and a maximum filter was applied with a spherical shape radius of rmax = 4 to the image. By comparing the values 
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obtained from these two processes, the peaks were determined. Figure 3a shows the unresolved porosity of a 

down-sampled LR image after watershed segmentation in which the unresolved porosity is divided into smaller 

regions (named unresolved masks) shown by different colors. In Fig. 3b, a small section of the image after water-

shed segmentation is zoomed, which contains six unresolved clusters shown by red color shapes. Figure 3c shows 

the cube placed around each of these unresolved masks and named as “unresolved template”.

Applying the watershed segmentation and using the unresolved templates concept can reduce the computa-

tional cost for multi-scale image reconstruction using CWMR. Then, the CCF equation (Eq. 1) was used to find 

the best-match template for each of these unresolved templates:

where 0 ≤ i < L
x
+ l

x
− 1 and 0 ≤ j < Ly + ly − 1 . DI(x, y) represents the location at point (x, y) of DI of size 

Lx × Ly , with x ∈

{

0, ..., L
x
− 1

}

 and y ∈

{

0, ..., Ly − 1
}

 . An OL region of size lx × ly and a data event D
T
 are used 

to match the pattern in the DI. To solve the CCF equation on the HR image, a new process is used to select the 

OL on the LR image, which is the overlap region between the current and previous unresolved templates. This 

caused the connectivity in the unresolved templates to be better preserved and the final reconstructed image had a 

higher accuracy. Moreover, OLs were selected in two perpendicular directions and their size was also considered 

based on the placement of unresolved templates.

Figure 4 illustrates the OL selection process for unresolved templates in CWMR. There are two possibilities 

to select OL. In the first case, which is shown in Fig. 4a on the left, the two unresolved templates have an OL that 

is rectangular in shape. On the other hand, in the second case shown in Fig. 4b, the two unresolved templates do 

not overlap with each other and it is a straight line. In both cases (Fig. 4a and b), dimensions of the first and second 

unresolved templates ( w
1
× h

1
 and w

2
× h

2
 ) were identified. The OL for the first template consists of two adjacent 

regions marked in blue. The direction of OL selection depends on the positioning of the next unresolved template 

relative to the current one. For subsequent templates, main and secondary OLs are defined based on whether the 

templates overlap. In the case of overlap (Fig. 4a), the main OL depicted in red encompasses the overlapping 

region's width ( w′ ) and the height of the second template ( h
2
 ), while the secondary OL (in green) has a height of 

(1)C(i, j;x, y) =

lx−1
∑

x=0

ly−1
∑

y=0

DI(x + i, y + j)DT(x, y)

Fig. 3  Unresolved mask and unresolved template of the unresolved section after applying the watershed algorithm. (a) 
The unresolved porosity of a down-sampled LR image after watershed segmentation, which contains different unresolved 
masks shown by different colors. (b) A crop of the LR image is shown, which contains six unresolved clusters shown by 
red color shapes. (c) One of the unresolved clusters consists of two unresolved masks. Two blue line rectangles outside of 
each unresolved mask mark unresolved templates
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one-fifth of h
2
 . In non-overlapping scenarios (Fig. 4b), the main OL (still in red) has a width equal to w

2
 and 

extends beyond the second template, with a height of one-fifth of h
2
 , while the vertical secondary OL is of dimen-

sion 
w2

5
× h

2
 . This approach extends similarly to 3D images, with one main OL and two secondary OLs specified. 

For more details about the OL selection procedure, refer to our previous publication [54].

2.3  OCWMR

In Moslemipour et al. [54], the memory usage for multi-scale image reconstruction of two rocks was 65 GB and 

276 GB, respectively. This indicates that memory consumption remained significantly high during the CWMR 

reconstruction. To address this issue, we have introduced the OCWMR approach in this research, aimed at fur-

ther reducing the computational cost. The OCWMR method has three key differences from the CWMR method. 

First, to reduce memory usage and runtime, the OCWMR method uses an Octree structure, which reduces the 

computational cost for selecting templates from the HR image by decreasing the number of voxels in the entire 

reconstructed image. In this structure, voxel size is at its finest size in unresolved areas and its coarsened size in 

the remaining areas of the image; therefore, it requires less memory consumption to store the model. The second 

Fig. 4  Selection of OL in the 
CWMR approach for unre-
solved templates as marked 
by colored rectangles. The 
OLs of the first unresolved 
template are colored in blue, 
while those for subsequent 
templates are marked with 
main (red) and secondary 
(green) OL rectangles. In 
cases where templates overlap 
(a), the main OL aligns with 
the greatest contact's direc-
tion, matching the width of 
the overlapping region. A 
secondary OL is introduced, 
positioned in a different 
direction inside the second 
template, with a height equal 
to one-fifth of the second 
template's height. For non-
overlapping templates (b), 
the main OL aligns with the 
greatest contact's direction 
outside the second template, 
with its height set to one-
fifth of the second template's 
height. Simultaneously, the 
secondary OL, in a different 
direction, measures one-fifth 
of the second template's width
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key difference is on the voxel size of LR images in both algorithms during the watershed segmentation. While the 

CWMR method performs watershed segmentation on the down-sampled LR image with a fine voxel size (equal 

to the HR image), the OCWMR method performs segmentation on the original LR image. Watershed segmenta-

tion performs better on the original image because it preserves the real gradients and avoids creating artificial 

boundaries caused by pixel repetition. In the down-sampled image, the gradients change, potentially leading to 

inappropriate and stepped boundaries. Therefore, this segmentation on the original LR image voxel size is more 

suitable for the selection of unresolved templates to be replaced with the HR image templates, improving the 

accuracy of the reconstructed multi-scale image.

The last key difference between the two methods is that for the OCWMR model, we performed a sensitivity analy-

sis on the sigma and  rmax parameters in the watershed algorithm to select the proper values for the reconstruction, 

ensuring to have logical number of unresolved templates. If the number of unresolved templates is too large, their 

size decreases, leading to a smaller OL area. A reduced OL area also restricts the effectiveness of the CCF equation, 

preventing the selection of appropriate templates from the HR image. Thus, it increases the probability of excessive 

small-sized pores, isolated pores, dead-end throats, and poor connectivity in the reconstructed multi-scale image. 

Moreover, since the selected templates from the HR image do not establish proper connectivity in the reconstructed 

multi-scale image, this method has a higher likelihood of containing isolated small-sized pores and dead-end throats. 

Conversely, if the number of unresolved templates is too low, the unresolved template sizes increase, causing the 

selected OL region to shift away from the unresolved mask within the unresolved template. This misalignment 

disrupts the effectiveness of the CCF equation, leading to suboptimal template selection from the HR image. As a 

result, the template selection becomes somehow random, increasing the likelihood of excessive small-sized pores 

and poor connectivity in the reconstructed multi-scale image. For this purpose, porosity and permeability values 

were calculated for reconstructed images with different sigma and rmax values. However, the main difference between 

OCWMR and CWMR was the utilization of an Octree structure. An Octree is a data tree structure in which each 

internal node has exactly eight children. Octrees are often used to represent a three-dimensional space by recursively 

dividing that space into eight equal parts (Fig. 5a) Octrees are actually equivalent to quadtrees in three dimensions 

[64]. In fact, the 3D space modeling is a very important operation but that takes up a lot of memory capacity in com-

puters. Octree is a method that can display the 3D space in a lighter way by occupying less memory space [65–67].

This methodology was started with watershed segmentation on the LR image, subsequently identifying unre-

solved templates within the image. Note that unlike the CWMR approach, the OCWMR involves solely down-

sampling the unresolved templates to ensure that their voxel sizes are equal to those of the HR image. This 

implementation essentially transforms the LR image into an Octree structure (as depicted in Fig. 5b). Within 

this structure, the unresolved porosity along with some adjacent voxels (resulting from the down-sampling of 

unresolved templates, which incorporates some voxels outside the unresolved porosity) exhibits the fine voxel 

size. Conversely, the remaining areas (of both pores and grains) are characterized by a coarser voxel size [65–67].

The next step was to select the best-match template for each unresolved template. The schematic for 

selecting the templates from the HR image is shown in Fig. 6, where the HR image serves as the source 

for template selection. In Fig. 6a, an unresolved cluster is depicted which, after watershed segmentation, is 

transformed into two unresolved masks or templates. Consequently, for each of these unresolved templates, 

an appropriate template must be chosen from the HR image. Figure 6b highlights the unresolved template 

area, characterized by small-sized voxels, and the OL area, characterized by larger-sized voxels owing to the 

inherent nature of the Octree structure. In Fig. 6b, the area inside of the unresolved template and outside of 

the unresolved mask as well as the OL area exhibit larger voxel size. Therefore, in the beginning (Fig. 6c) 

the voxel size of these areas are down-sampled to match that of the HR image. Now, with the unresolved 

template area and OL specified, the best template can be found using the CCF equation from the HR image, 

and this selected template can be placed into the first unresolved template area of the LR image (Fig. 6d). 

Subsequently, the same approach is applied to select the best-match template for the next unresolved tem-

plates. Figure 6e shows the areas of unresolved mask with small voxel sizes, and outside of it with larger 

voxel size. In this figure, the main and secondary OL areas also lie outside the unresolved template area 
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and feature a large voxel size. Initially, the voxel size of these areas was resampled to match that of the HR 

image voxel size (Fig. 6f). Now, with the unresolved template area and OL defined, the best template can 

be selected using the CCF equation from the HR image, and this chosen template can be placed into the 

second unresolved template of the LR image (Fig. 6g). Finally, as depicted in Fig. 6h, the voxels within the 

unresolved mask were retained. This entire process was repeated for all unresolved templates within the LR 

image structured with an Octree structure, ultimately resulting in the construction of a multi-scale image. 

This innovative method introduced an efficient detour that significantly reduces computational costs through 

the utilization of the Octree structure.

Fig. 5  a Octree structure and how it divides the space into smaller parts. b LR image to Octree structure conversion. In 
this structure, the voxel size is down-sampled in the areas of the unresolved porosity (the parts shown with gray color) and 
remains constant in the rest of the areas (black and white areas that show the pore and grain phases, respectively). There-
fore, calculations are performed only in unresolved porosities with fine voxel sizes
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2.4  Geometrical and fluid flow properties

2.4.1  Porosity

Porosity is a measure to compute the total void space of a porous rock sample. The porosity of the multi-scale image 

is determined by dividing the number of voxels representing the pore phase by the total number of voxels (Eq. 2).

(2)� =

Np

NT

Fig. 6  Workflow of the OCWMR, (a) one of the unresolved clusters from the LR image with two unresolved masks inside 
it, (b) the voxel size of the first unresolved template and the corresponding OL area with large voxel size for solving the 
CCF equation, (c) the OL as well the unresolved template are resampled to the small voxel size so that it can be used in the 
CCF equation, (d) the selected best-match template from the HR image, placed within the first unresolved template, (e) the 
pixel size of the second unresolved template and the corresponding OL area with large pixel size for solving the CCF equa-
tion, (f) this OL as well as the unresolved template are also resampled to the small voxel size so that it can be used in the 
CCF equation, (g) the selected best-match template from the HR image as placed within the second unresolved template, 
and (h) the pixels preserved inside the unresolved templates, while the remaining pixels outside are removed, and the cor-
responding pixels from the LR image are placed inside (not shown here)
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where, � represents the porosity, Np stands for the number of voxels in the pore phase, and N
T
 denotes the total 

number of voxels in the multi-scale image.

2.4.2  Absolute and relative permeability

Absolute and relative permeability are the fundamental properties of porous media that describe the capac-

ity of a fluid to flow through a fully saturated medium. The medium's absolute permeability is determined by 

several rock and fluid properties, including the connected porosity, the size and connectivity of the pores and 

throats, the tortuosity (the degree of convolution of the flow path), and the fluid viscosity. These properties 

interact with each other in complex ways to determine the overall permeability of the medium. To describe the 

conservation of mass and momentum in such cases, the Navier–Stokes equations and the continuity equation are 

adopted. In this study, the software package GeoDict 2023 with adaptive meshing [68], was employed for solv-

ing these equations. The FlowDict module's Left-Identity-Right (LIR) solver was utilized employing LIR trees 

to optimize the efficiency of the flow solver and thus reduce computational costs [69]. This technique involves 

coarsening pore spaces with minimal velocity variations while maintaining a fixed resolution for other pores. 

The simulations in this study maintained constant pressure differentials across the domains and imposed no-

flow boundary conditions in the tangential directions. Moreover, on the surfaces of solids, the no-slip boundary 

condition is assumed ( ⃖⃗u = 0 ). Equation 3 states that the divergence of the velocity field ( ⃖⃗u ) is zero, implying 

that the fluid is incompressible and meaning the volume of fluid phase elements does not change as they flow:

Equation 4 represents the conservation of momentum and describes how the velocity field changes over 

time, where, ⃖⃗u is the fluid flow velocity, p is the pressure, � is the fluid viscosity, ρ is the fluid density,  is 

the gradient operator, and f⃗  is the force density, connected as follows:

Then, Darcy’s law is used to compute the permeability K of the images:

As mentioned, relative permeability is another basic multiphase flow property used to describe the flow 

behavior of fluids in porous media. It is defined as the ratio of the effective permeability of each phase in the 

presence of multiple fluids to the absolute permeability of the medium. In a two-phase system, the relative 

permeability ( Kr
i
 ) of a fluid phase i is given by:

where Keff ,i is the effective permeability of phase i and K
abs

 is the absolute permeability of the medium. The 

relative permeability curve is typically plotted as a function of the fluid phase saturation, which is the ratio of 

the volume of that phase to the total pore volume of the porous medium. The SatuDict module's LIR solver of 

GeoDict 2023 was utilized for relative permeability calculations.

2.4.3  Capillary pressure

Capillary pressure is the pressure difference across the curved interface between two immiscible fluids in contact 

with each other in a small capillary tube or a porous material. The capillary pressure calculation is based on the 

(3)∇. ⃖⃗u = 0

(4)−�Δ ⃖⃗u +
(

�⃖⃗u.∇
)

⃖⃗u + ∇p = f⃗

(5)⃖⃗u = −
K

�
∇p

(6)Kri =

Keff ,i

Kabs
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Young–Laplace equation and is expressed in terms of wetting and non-wetting phase pressures as expressed by 

Eq. 7 below:

where, ΔPc is the capillary pressure (in Pa units), Pnw is the pressure in the non-wetting phase (Pa), and Pw is 

the pressure in the wetting phase (Pa). Moreover, � is the interfacial tension (IFT) between the two fluids (N/m), 

θ is the contact angle (degrees) between the fluid and the capillary wall, and r is the radius of the capillary (m). 

As indicated by Eq. 7, the capillary pressure in a reservoir is determined by various factors, including the IFT 

between two immiscible fluids, the contact angle between rock and fluid (θ) as influenced by the wettability of the 

rock, and the pore radius (r) as a microscopic property of the rock. In this study, the dynamic pore morphological 

method in the SatuDict module of GeoDict 2023 was utilized for capillary pressure calculations. It offers two 

approaches: quasi-static and dynamic methods [70, 71]. In this method, fluid flow is modeled at the pore scale 

using voxelized representations of the pore space. It simulates fluid invasion by progressively filling the pore 

space and employs morphological operations to directly calculate the fluid phase distribution in the digital twin, 

rather than extracting an idealized network. Dynamic pore morphological method simulates the drainage process 

accurately [72]. In this approach, the capillary pressure decreases as the fluid moves through a pore throat. The 

structure does not fill immediately, preventing abrupt transitions in the saturation region. We analyzed two-phase 

flow properties (capillary pressure and relative permeability) using water and air phases at varying water satura-

tions. The wettability distribution was considered homogeneous throughout the porous medium. We fixed contact 

angle values at 40 degrees for water and 140 degrees for air. The surface tension was set to 0.3 N/m. Periodic 

boundary conditions and a pressure drop of 10,000 Pa were applied. Additionally, no-slip boundary conditions 

were enforced in the tangential direction.

3  Results and discussion

3.1  REV analysis

In this study, the properties of the reconstructed multi-scale images were validated against those obtained from 

the HR image. However, in practice, HR images typically have a small FoV and are not at REV size. At REV size, 

image properties represent the macroscale features of the sample rock [55, 73]. To ensure our model accuracy, 

we have tried to scan our two rock samples at a resolution in which the HR image be at its REV size. The deter-

ministic REV method was used, in which porosity and permeability were calculated for the regions of interest 

within cubic domains of increasing size from the center of the images [18]. Figure 7a and b show the REV results 

for BS and EBC rocks, respectively. Moreover, the plotted mean and the associated standard deviation lines are 

shown in this figure. According to Fig. 7a, for the BS rock, porosity values stabilize at 300 × 300 × 300 voxels, 

while permeability values stabilize at 600 × 600 × 600 voxels. Moreover, in Fig. 7b, for the EBC rock, porosity 

values stabilize at 500 × 500 × 500 voxels, and permeability values reaches to its REV at 1,100 × 1,100 × 1,100 

voxels. Therefore, for the BS rock, we selected a 600 × 600 × 600 voxels crop from the HR image. For the EBC 

rock, we selected a 1,100 × 1,100 × 1,100 voxels crop from the HR image.

3.2  LR and HR image segmentation

Our methodology involved two segmentation steps: HR image segmentation and LR image multi-phase segmen-

tation. The first step consisted of a two-phase segmentation of HR images, separating just pore and grain phases. 

The porosity calculation for BS and EBC rock samples in the HR images yielded values of 13.7% and 28.2%, 

respectively. The second step consisted of a multi-phase segmentation of the LR image, revealing porosities of 

(7)ΔP = P
nw

− P
w
=

2�Cos�

r
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12.9% and 9.3% for the pore and unresolved phase in the BS rock sample, and 21.0% and 22.6% for the pore and 

unresolved phase in the EBC rock sample, respectively. Table 1 represents the porosity and permeability values 

of the LR and HR images. Discrepancies in porosity values between LR and HR images were due to the pres-

ence of unresolved phases, which would be replaced by the best-match unresolved templates from the HR image. 

Moreover, segmented LR and HR images are depicted in Fig. 8.

The porosity of the unresolved phase is 9.3% in the BS rock and 22.6% in the EBC rock. This is due to the 

greater resolution difference between LR (11.92 µm) and HR (1.49 µm) images in the EBC rock causing many 

pores uncaptured and unresolved during imaging. According to Table 1, the permeability of the HR image was 

160 mD, while it was only 94 mD for the LR image. On the contrary, for the BS rock, the permeability of the 

Fig. 7  REV curves of the 
HR images for (a) BS and 
(b) EBC rock samples. The 
dashed lines represent the 
standard deviation of the 
endpoints in the curves
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HR image was lower with 147 mD than of the LR image with 170 mD. Therefore, the addition of unresolved 

pores in the EBC rock has a greater effect on image properties (especially permeability) because of their greater 

porosity than the BS rock.

3.3  LR image watershed segmentation

In addition, the watershed algorithm was used to partition unresolved porosity phase in the LR image into smaller 

regions. Unlike the CWMR approach, the watershed algorithm was performed on the LR image with a large pixel 

size. Therefore, we expect that the number of unresolved templates will be different compared to the CWMR 

approach and have also different sizes for the Gaussian filter sigma as well as the maximum filter spherical radius 

or rmax. Multi-scale images were reconstructed according to Moslemipour et al. [54] by CWMR with sigma = 0.4 

and rmax = 4 for both rocks, of which porosity and permeability values of the best realization are summarized in 

Table 2.

To reconstruct images in the OCWMR approach more accurately, we first performed a sensitivity analysis on 

the porosity and permeability for both rocks on the sigma and rmax parameters. Table 3 summarizes the results 

of this sensitivity analysis. By comparing the porosity and permeability of multi-scale reconstructed images via 

the OCWMR with that of the HR image properties (13.7% and 147 mD for the BS rock, and 28.2% and 160 mD 

for the EBC rock, respectively), it can be concluded that the multi-scale reconstructed images for both rocks with 

sigma = 0.3 and rmax = 3 represent the best match with properties closest to that of the HR image (13.9% and 147 

mD for the BS rock, and 27.6% and 161 mD for the EBC rock, respectively). These values are more like that of 

the HR image than that of the OCWR predictions (summarized in Table 3).

It is worth mentioning that the unresolved porosity should not be divided into too many (sigma = 0.1, rmax = 1) 

or too few segments (sigma = 0.7, rmax = 7). If they are divided into too many segments, it will cause the selected 

templates to become very small and the unresolved templates in LR images will not be adequately replaced. On 

the other hand, if they are divided into too few segments, it will cause the selected templates to not become best-

match templates for the desired template in LR images. This is due to the little overlap of OL with unresolved 

masks causing a weak connectivity between the added pores. Therefore, sigma = 0.3 and rmax = 3 was considered 

for further computation using the OCWMR.

The number of unresolved templates could have a significant effect on the connectivity created in the multi-

scale reconstructed images. As it was mentioned, their optimal number can cause more suitable templates to be 

selected with an appropriate number of micropores. The number of unresolved templates after applying the water-

shed algorithm by CWMR with sigma = 0.4 and rmax = 4, and OCWMR with sigma = 0.3 and  rmax = 3, is shown 

in Table 4. As evident from this table, the OCWMR approach exhibits a lower number of unresolved templates. 

This is due to the larger pixel size in the LR image compared to the CWMR approach, resulting in the subdivi-

sion of the unresolved phase into larger sections and subsequently reducing the number of unresolved templates.

One key aspect to consider when comparing the OCWMR and CWMR approaches is down-sampling before 

watershed segmentation. In the OCWMR approach, down-sampling is not performed on the entire LR image and 

reconstruction is carried out on the Octree structure. On the other hand, the CWMR approach involves down-

sampling before watershed segmentation, which can cause changes in the properties of the LR image.

Table 1  Porosity and 
permeability of the BS and 
EBC rock samples for both 
LR and HR images after 
applying the segmentation

Sample Porosity (%) Permeability (mD)

LR image HR image LR Image HR image

Resolved Unresolved

BS 12.9 9.3 13.7 170 147

EBC 21.0 22.6 28.2 94 160
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3.4  Computational costs

The muti-scale images of BS and EBC rock samples were reconstructed using the CWMR and OCWMR methods 

on a workstation equipped with 32 Intel® Xeon® Platinum 8160 2.1 GHz CPU cores and 1 TB of RAM. For the BS 

Fig. 8  Segmentation of the HR scan for the (a) BS and (b) EBC rock samples, along with multi-phase segmentation of the LR 
scan for the (c) BS and (d) EBC rock samples. The light gray color pixels in the two lower images show the unresolved porosity
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rock sample, the CWMR took approximately 120 CPU-h, while OCWMR approach completed the process in around 

36 CPU-h, i.e. 3.3 times faster. In the case of the EBC rock sample, the reconstruction processes took approximately 

288 and 96 CPU-h to complete (threefold speedup in OCWMR), respectively. Moreover, for the BS multi-scale image 

reconstruction, the CWMR consumed 65 GB of memory, while OCWMR completed the process by consuming 2.9 

GB of memory only, i.e. 22.5 times less. For the EBC multi-scale image reconstruction, the CWMR consumed 276 

GB of memory, while OCWMR completed the process by consuming 2.4 GB of memory only, 131.4 times less. 

Runtime and memory consumption details for image reconstruction methods are summarized in Table 5.

Given the CWMR approach, increasing the number of unresolved templates and subsequently their smaller size 

could decrease the memory usage and runtime. Therefore, it might be expected that in this context, the OCWMR 

approach would have a higher memory usage and runtime compared to the CWMR one. However, there is another 

point that not only increases the memory usage and runtime in the OCWMR approach compared to CWMR but may 

also significantly reduce both. In the OCWMR approach, watershed segmentation specifically performed to identify 

various unresolved templates on the LR image with a large voxel size. Moreover, using the Octree structure, only the 

unresolved templates are computed separately from the rest of the phases in the image. Consequently, this approach 

involves lower memory usage and runtime than the CWMR. Furthermore, the memory usage and runtime for the 

EBC rock sample, despite having more unresolved templates, are lower than those for the BS rock sample, contrary 

to the CWMR approach. This discrepancy is due to the smaller size (voxels) LR image in the EBC rock compared 

Table 2  Porosity and permeability of multi-scale reconstructed images using CWMR with sigma = 0.4 and rmax = 4 for the 
BS and the EBC rock samples

Sample Porosity (%) Perme-
ability 
(mD)

BS 14.3 141

EBC 27.3 165

Table 3  Sensitivity 
analysis on sigma and  rmax 
parameters of watershed 
segmentation method by 
calculating porosity and 
permeability in multi-scale 
images reconstructed by 
OCWMR

Sigma/rmax BS EBC

Porosity (%) Permeability (mD) Porosity (%) Permeability (mD)

0.1/1 14.6 122 28.1 176

0.2/2 14.4 136 27.9 169

0.3/3 13.9 147 27.6 161

0.4/4 14.1 150 27.5 157

0.5/5 14.3 159 27.7 142

0.6/6 14.4 162 28.2 135

0.7/7 14.6 164 28.5 128

Average 14.3 ± 0.2 149 ± 15 27.9 ± 0.3 153 ± 18

Table 4  The number of unresolved templates for both BS and EBC rock samples after watershed segmentation using 
CWMR and OCWMR approaches

Sample Numbers of unresolved templates

CWMR OCWMR

BS 1,797 1,424

EBC 2,080 1,939
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to the LR image of the BS rock. Since the OCWMR approach operates on the LR image, the memory usage and 

runtime in the EBC rock are less than those in the BS rock. Thus, the OCWMR approach reduces computational 

cost, addressing one of the significant challenges in previous multi-scale image reconstruction approaches, such as 

CWMR, especially in rocks with greater resolution differences between LR and HR images.

3.5  Multi-scale image reconstruction using OCWMR

Ten realizations of the multi-scale images were reconstructed for each rock sample using the OCWMR approach. 

The numbering order of the unresolved templates in each unresolved cluster can start from two directions. In these 

realizations, the numbering and filling order of the unresolved templates in each cluster is randomly chosen from 

one of the two directions in each realization, ensuring that the realizations differ from one another. An example of 

both 3D realization of the multi-scale reconstructed image using OCWMR, and the multi-scale reconstructed image 

using CWMR, are shown for each rock sample in Fig. 9. Moreover, two random 2D layers of the images are displayed 

alongside their corresponding LR image layers for comparison purposes. The visual analysis of the images indicates 

that both approaches have effectively chosen appropriate templates for the unresolved porosity. In both rocks, the 

reconstructed images by both approaches exhibit small and large pores, and suitable connectivity exists between all 

pores. The factor that alters the reconstructed multi-scale images using the two methods is the number of unresolved 

templates. This results from applying the watershed algorithm to LR and down-sampled LR images, as well as using 

different parameters for watershed segmentation. Therefore, it is expected that there would be differences in the 

properties of the multi-scale images reconstructed by both approaches. However, since the OCWMR approach has 

fewer unresolved templates (1,424 and 1,797 for the BS and EBC, respectively) compared to the CWMR (1,939 and 

2,080 for the BS and EBC, respectively), it is expected that the number of small pores in the image reconstructed by 

OCWMR would be somewhat less than CWMR. By comparing the permeability values in Table 2 and Table 3, the 

OCWMR approach obviously provides results closer to the actual value of the HR image (Table 1). This is due to the 

higher number of unresolved templates in the CWMR approach, resulting in a larger number of small-size isolated 

pores and throats that have been added to the image. In addition, greater permeability reduction happened in the BS 

rock of the multi-scale image reconstructed by the CWMR approach (141 mD). This shows that the added pores by 

the CWMR approach created more dead-end throats inside the image and couldn’t make connectivity closer to the 

HR image. However, in the multi-scale image reconstructed by the OCWMR approach, this permeability reduction 

is less and equal to the permeability of the HR image (147 mD). In the EBC rock, the permeability of the image after 

adding small pores in the CWMR approach has increased (165 mD) because more unnecessary throats have been 

added, leading to a greater increase in permeability. However, in the multi-scale image reconstructed by the OCWMR 

approach, the increase in permeability is less and closer (161 mD) to the permeability of the HR image (160 mD).

Furthermore, single- and two-phase flow properties were calculated to assess the quality of the reconstructed 

images. Figure 10 shows the absolute permeability distribution of the 10 multi-scale images reconstructed using 

the OCWMR for both the BS and the EBC rock samples. Moreover, to better compare the accuracy of the 

OCWMR method, the permeability value of the best realization reconstructed using the CWMR method, along 

with the permeability calculated from the HR image, is displayed in the figure. As evident, the average perme-

ability calculated over 10 reconstructed images by the OCWMR approach shows close agreement to the per-

meability of the HR images in both rocks. This confirms the accuracy of the proposed approach in multi-scale 

reconstruction of rock images.

Table 5  Run time and 
memory consumption 
of both reconstruction 
approaches for BS and 
EBC rock samples

Sample Run time (CPU-h) Memory consumption (GB)

CWMR OCWMR CWMR OCWMR

BS 120 36 65 2.9

EBC 288 96 276 2.4
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Fig. 9  Multi-scale 3D and 2D images 
reconstructed using the OCWMR 
and the CWMR approaches for the 
BS and EBC rock samples. Some 2D 
layers of the reconstructed images 
have been displayed alongside their 
corresponding layers in the LR image
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3.6  Evaluation of two-phase flow properties

We further calculated the properties of the two-phase flow including the capillary pressure and relative perme-

ability curves for both rocks. For this purpose, we considered the 3D realization with best permeability (Fig. 10) 

for the OCWMR approach to calculate the two-phase flow properties. Figure 11a and b show the capillary pressure 

curve for the BS and the EBC rocks, respectively. These curves were obtained on the HR image as well as the 

reconstructed images using the CWMR and the OCWMR approaches. In these simulations, water and air phases 

have been considered and these curves were obtained during the drainage process. These curves show that in 

both rocks, the highest capillary pressure value in the image reconstructed using the CWMR is higher than that 

of the image reconstructed using the OCWMR. This is due to the higher number of small pores existing in the 

reconstructed images using CWMR and to the inverse relationship between capillary pressure and pore-throat 

sizes. Moreover, the presence of small pores in the image significantly affects irreducible water saturation, as water 

becomes trapped in these pores at such saturations. In Fig. 11a, the residual water saturation value of the BS in 

the OCWMR is lower than that of the CWMR. This shows that in the reconstructed image using the OCWMR 

method, the number of isolated smaller size pores is lower, and there are fewer dead-end throats. As a result, more 

water is displaced by air. Therefore, this has caused a better recovery of the water phase in the image compared to 

the reconstructed image using the CWMR. However, in Fig. 11b, the amount of residual water saturation in the 

OCWMR is higher than that by the CWMR in the EBC rock. This confirms that in the EBC rock, the presence of 

smaller pores has caused more connectivity between the pores inside the reconstructed image. Therefore, in the 

reconstructed image using the CWMR, more water has been recovered due to high connectivity. In addition, in 

both images, the capillary pressure curve in the HR image is closer to the capillary pressure curve in the image 

reconstructed using the OCWMR.

Figure 12 a and b show the relative permeability curves for the BS and the EBC rocks, respectively. These 

curves also were obtained on the HR image as well as on reconstructed images using the CWMR and the 

OCWMR approaches. In these simulations, water and air phases have been considered, and the curves of the 

drainage and imbibition processes have been shown. In Fig. 12a, the water relative permeability curve of the 

image reconstructed using the OCWMR is placed above the image reconstructed using the CWMR in the BS 

rock. This shows again that the image reconstructed using the CWMR has more isolated smaller size pores 

Fig. 10  The permeability dis-
tribution of all 10 multi-scale 
image realizations recon-
structed using the OCWMR 
for the BS and the EBC rock 
samples
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and dead-end throats. Therefore, the water relative permeability values have more reductions at higher water 

saturations. However, in Fig. 12b for the EBC rock, the water relative permeability curve in the image recon-

structed using the OCWMR is lower than that of the reconstructed image by the CWMR at higher water satu-

rations. This shows the greater effect of smaller size pores in increasing the permeability in the reconstructed 

image using the CWMR by improving the connectivity between the larger size pores. Moreover, the presence 

of small pores in the image significantly impacts the relative permeability curve during the drainage pro-

cess, particularly at saturations close to the irreducible water saturation. At these saturations, water becomes 

trapped in small pores, influencing the air relative permeability. In the multi-scale image reconstructed using 

the CWMR method, the presence of more small pores and greater connectivity (i.e., both among these pores 

and with resolved pores) causes the shape of the air relative permeability curve, especially at saturations near 

irreducible water saturation, to deviate from the actual rock behavior. However, in the OCWMR method, the 

reconstructed multi-scale image more accurately reflects the rock's real structure. Small pores and their con-

nectivity are better represented, resulting in an air relative permeability curve that more closely matches that 

of the HR image. Therefore, for both rocks the relative permeability curves in the HR image are closer to the 

relative permeability curves in the image reconstructed using the OCWMR.

Fig. 11  The capillary pressure curves of 
the HR image as well as reconstructed 
images using the OCWMR and the 
CWMR approaches for (a) the BS and (b) 
the EBC rock sample
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3.7  Discussion

The CWMR and OCWMR methods have three key differences that result in lower computational cost and 

higher accuracy for the OCWMR method compared to the CWMR method. In the CWMR method, segmen-

tation is performed on the down-sampled LR image with a fine voxel size, whereas in the OCWMR method, 

segmentation is applied directly to the LR image with a coarse voxel size. Since the segmentation in OCWMR 

is applied to the original LR image, the number of unresolved templates is more optimal than in the CWMR 

method. Additionally, the OCWMR method utilizes optimized parameters for watershed segmentation (sigma 

and  rmax), ensuring that the number of unresolved templates is as close to optimal as possible. An optimal 

number of unresolved templates allows for better-matching templates to be selected for replacement in the LR 

image. If the number of unresolved templates is lower than optimal, their size increases, causing the selected 

OL region to shift away from the unresolved mask within the unresolved template. This misalignment dis-

rupts the effectiveness of the CCF equation, leading to suboptimal template selection from the HR image. As 

a result, template selection becomes somewhat random, increasing the likelihood of excessive small-sized 

Fig. 12  The relative permeability curves 
of the HR image as well as reconstructed 
images using the OCWMR and the 
CWMR approaches for (a) the BS and (b) 
the EBC rock samples
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pores and poor connectivity in the reconstructed multi-scale image. Conversely, if the number of unresolved 

templates exceeds the optimal amount, their size decreases, leading to a smaller OL area. A reduced OL area 

also restricts the effectiveness of the CCF equation, preventing the selection of appropriate templates from 

the HR image. Like the previous case, this increases the probability of excessive small-sized pores and poor 

connectivity in the reconstructed multi-scale image. Moreover, since the selected templates from the HR 

image do not establish proper connectivity in the reconstructed multi-scale image, this method has a higher 

likelihood of containing isolated small-sized pores and dead-end throats.

Beyond the differences in watershed segmentation applied to LR images with different voxel sizes, the two 

methods also employ distinct structures for multi-scale image reconstruction. In the OCWMR method, after 

watershed segmentation, only the unresolved templates in the LR image are down-sampled, while the voxel size 

in the remaining areas remains coarse, forming an Octree structure. In contrast, the CWMR method down-samples 

the entire LR image. As a result, in the OCWMR method, the CCF equation is solved within the Octree structure 

for each unresolved template, significantly reducing memory consumption and runtime. This distinction leads to 

a substantial difference in computational cost, particularly in memory usage. The difference is even more pro-

nounced in cases where the resolution difference between the LR and HR images is large, such as in EBC rock.

The most significant advantage of our novel OCWMR method is its reduction in memory usage and runtime. 

This reduction in computational cost becomes even more pronounced when the resolution difference between 

the LR and HR images is higher, highlighting the benefits of using the Octree technique for multi-scale image 

reconstruction. However, a disadvantage of this method is that the resolution difference between images must 

be a power of 2 (i.e.,  2n), often requiring image resampling. Developing a method that overcomes this disad-

vantage could be an interesting topic for future research.

4  Summary and conclusions

In this study, we compared the predicted geometric property (porosity) as well as single-phase (permeability) 

and two-phase (capillary pressure, relative permeability) flow properties obtained using the novel OCWMR 

and the conventional CWMR approaches. The findings are summarized as follows:

• Our results indicate that the novel OCWMR approach yields properties that are closer to those derived from 

HR images. This improvement is attributed to the use of optimal parameters in the watershed segmentation 

algorithm and applying it directly to the LR image with a coarse voxel size, resulting in higher accuracy 

due to fewer unresolved templates.

• The reconstructed multi-scale images using the novel OCWMR effectively capture the properties of the 

HR images.

• The number of unresolved templates differed slightly between the OCWMR and CWMR approaches. This 

difference was crucial for aligning the properties closer to those of the HR image.

• Our novel OCWMR approach resulted in fewer unresolved templates. Consequently, it added fewer isolated 

small pores and dead-end throats to the BS image. Conversely, it added fewer unnecessary small-size pores 

and throats to the EBC image compared to the conventional CWMR approach.

• Fewer unresolved templates in the OCWMR approach led to a smaller permeability reduction and residual 

water saturation value in the BS rock. It also caused a smaller increase in permeability and larger residual 

water saturation value in the EBC rock.

• Additionally, our novel OCWMR approach significantly reduced computational cost and runtime compared 

to the conventional CWMR approach. This was especially more pronounced for images with greater reso-

lution differences between LR and HR images. Thus, the OCWMR approach is more efficient and thus of 

practical use for multi-scale image reconstruction in rock property prediction.
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In this research, certain assumptions were made. These assumptions can be explored further in future 

studies. First, the results were validated using HR image properties at the REV size. Future studies may use 

laboratory data for more sophisticated validation. Additionally, the same region of interest can be scanned at 

HR and LR to enable better comparison. While this study focused on sandstone and carbonate rocks, future 

work can include rocks (e.g., shales), which have a wider range of pore sizes. In such heterogeneous rocks, 

pore sizes can be spread at several scales. Thus, various scans at multiple resolutions (greater than two) can 

be integrated together to reconstruct a multiscale image, making it an interesting topic for future research.

Nomenclatures FoV: Field of View; REV: Representative Elementary Volume; DRP: Digital Rock Physics; BS: Berea sand-
stone; EBC: Edward Brown Carbonate; HR: High-resolution; LR: Low-resolution; OL: Overlap region; µXCT: X-ray com-
puter microtomography; CCSIM: Cross-correlation Based Simulation; CCF: Cross-correlation Function; CWMR: CCSIM 
Watershed-based Multi-scale Reconstruction; OCWMR: Octree-based Watershed Multi-scale Reconstruction; LIR: Left-
Identity-Right; C: Cross-correlation function value; DI: The main domain or HR image; Dt: The data event; w’: Width of 
overlap region; ϕ: Porosity; K: Permeability; Kr: Relative Permeability; ΔPc: Capillary Pressure; IFT: Interfacial Tension
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