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Abstract 7 

Image-based grain partitioning is carried out to classify a granular rock sample’s image into 8 

numerous single grains, which is the premise of obtaining grains’ geometry features (e.g., grain 9 

size and sphericity) and grains’ contact relationship. Because grain geometry features play an 10 

important role in understanding the rock petrophysical properties and the sedimentary environment, 11 

image-based grain partitioning attracts more and more attention in the digital core society. Several 12 

grain partitioning algorithms have been proposed and applied in some rock samples. However, it 13 

is still challenging to process the consolidated rock samples in which most of the grains adhered 14 

with each other, characterized by stylolite contact. All current grain partitioning algorithms contain 15 

two steps: grain center’s extraction and identifying each grain domain. In the image of a granular 16 

rock sample, the grain centers can be defined as the local maxima of the solid phase’s Euclidean 17 

distance map or the remaining cores after successive erosions of the solid phase. However, the 18 

former option prefers to result in an over partitioning, while the latter choice brings under 19 

partitioning. In this paper, an innovative image-based grain partitioning algorithm based on 20 

skeleton extension erosion strategy is proposed to improve the under partitioning problem. The 21 

key idea of the proposed method is to introduce the skeleton extension erosion strategy to realize 22 

the differential erosion by which the potential grain boundaries will be eroded but the other part is 23 

intact. This process effectively enhances the ability of the proposed method to deal with 24 

consolidated granular rock samples. The proposed method presents better performance than the 25 

popularly used methods, including the watershed grain partitioning method and the erosion-26 

watershed grain partitioning method. 27 

 
1 Yuzhu Wang implemented this study and wrote the manuscript; Shuyu Sun supervised the study and revised the 
manuscript. 
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1. Introduction 29 

Image-based grain partitioning is undertaken to separate the image of a granular rock sample into 30 

a large number of particles, and each particle presents a single grain (Saadatfar et al., 2010). Grain 31 

partitioning is the premise of the thorough understanding of the grain size distribution (Knackstedt 32 

et al., 2005; Rabbani and Ayatollahi, 2015; Torskaya et al., 2013), mechanical properties of rock 33 

materials (Sun et al., 2017; Wang et al., 2015), and the heterogeneity of the rock sample at pore 34 

scale (Bauget et al., 2005; Lan et al., 2010; Song et al., 2020; Wang et al., 2021; Wang and Sun, 35 

2021a; Wang and Sun, 2021b).  36 

Several image-based grain partitioning algorithms have been applied widely (Farhan et al., 2013; 37 

Knackstedt et al., 2005; Mukherjee et al., 2009; Skrivanos and Engineering, 2018; Wang and Ji, 38 

2019). These grain partitioning algorithms share one common workflow that can be divided into 39 

two steps: locating the grain centers and identifying each voxel’s grain label. In an image, a grain 40 

is a group of pixels/voxels with the same grain label (an integer), and two pixels/voxels from 41 

different grains are labelled as different integers. The grain centers are defined as the local maxima 42 

of the Euclidean distance map (Theo et al., 2006; xu and Li, 2006) of the solid phase or the 43 

remaining cores after successive eroding the solid phase (Knackstedt et al., 2005). Each grain 44 

center is labelled by a unique number ranging from 1 to n, where n is the total number of the 45 

detected grain centers. After that, two options can be applied to determine each grain’s domain 46 

based on the identified grain centers. The first choice is to use the watershed algorithm to classify 47 

the Euclidean distance map of the solid phase of the target image into different grains. During the 48 

watershed segmentation, the previously identified grain centers are used as markers. The second 49 

choice is to use a binary image dilation algorithm by which the previously identified grain centers 50 

are regularly growing until they meet other grains or reach the boundary of the solid phase  51 

(Knackstedt et al., 2005; Thompson et al., 2006). Different grain partition algorithms distinguish 52 

from each other by applying different approaches to locate the grain centers and/or using a different 53 

way to identify each voxel’s grain label. Different from Knackstedt et al., who directly use the 54 

local maxima of the Euclidean distance map as grain centers and then use the watershed algorithm 55 

to complete the grain segmentation, Thomspson et al. introduced a dual-phase burn algorithm, 56 

which can be treated as a special way to calculate the Euclidean distance map (Thompson et al., 57 



2006), to locate the grain center and then also apply the watershed method  (Beucher and 58 

Mathmatique, 2000; Beucher and Meyer, 1993; Najman and Schmitt, 1994) to finish the grain 59 

segmentation. However, this watershed-based grain partition always brings over partitioning 60 

(Skrivanos and Engineering, 2018). Thus, a region-merging algorithm is applied to remove the 61 

spurious grains (Sheppard et al., 2005). Although this method has been tested in many different 62 

rock types successfully, there is room to improve the images containing irregularly shaped grains 63 

(Skrivanos and Engineering, 2018).  64 

Another approach to realize grain partitioning is based on erosion and the Voronoi tessellation 65 

algorithm (GPEVT) (Knackstedt et al., 2005). First, a segmented image is processed by a sequence 66 

of erosion to break apart the individual grains until the maximum number of isolated remain 67 

particles is reached. The center of mass of these non-eroded voxel clusters are labelled as the core 68 

of grains. Then a Voronoi tessellation (Du and Wang, 2005; Faber and Gunzburger, 1999; Schaller 69 

et al., 2013) separates the entire space into a large number of Voronoi cells, and each Voronoi cell 70 

contains one grain core. Finally, each grain core is grown outside within its Voronoi cell until all 71 

solid phase voxels are filled (Knackstedt et al., 2005). This method provides nearly identical results 72 

to that of the watershed grain partitioning method but can lead to the loss of some small grains 73 

during the erosion process (Knackstedt et al., 2005). To smooth the identified interface between 74 

contacted grains and alleviate the over-partitioning problem, which is common in watershed grain 75 

partition, a post-process strategy based on machine learning refinement strategy consists of planar 76 

regression, and logistic regression is proposed (Skrivanos and Engineering, 2018). Opposite to the 77 

watershed grain partitioning method, which has a drawback of over partitioning (and a few other 78 

occasions for "under-partitioning" in the paper), this erosion and Voronoi tessellation algorithm 79 

presents under partitioning. This is because the GPEVT algorithm is insufficient to separate two 80 

contacted grains whose interface size is similar or larger than the radius of one of these two grains. 81 

In addition, the Voronoi tessellation may sperate one grain into two Voronoi cells and results in 82 

misjudgment of the grain labels. This disadvantage is more obvious when dealing with 83 

consolidated rock samples. 84 

Although current grain partitioning methods have been validated in many study cases, they still 85 

have huge room for improvement. In terms of identifying the grain label of each voxel, watershed 86 

algorithm and binary image dilation algorithm have the neglectable difference. Therefore, we 87 

select two typical grain partitioning methods, including the Euclidean distance transform 88 



watershed grain partitioning (EDTWGP) method and the erosion-watershed grain partitioning 89 

(EWGP) method, to illustrate the advantages and disadvantages of currently popular grain 90 

partitioning algorithms. In EDTWGP, the grain centers are defined as the local maxima of the 91 

Euclidean distance map of the solid phase. In contrast, the grain centers in the EWGP method are 92 

defined as the remaining cores after successive erosions of the solid phase.  93 

Fig.1(a) and (b) present a 2D segmented image of a consolidated sandstone and its corresponding 94 

Euclidean distance map of the solid phase, respectively. Fig. 1(c) illustrates the local maxima of 95 

the Euclidean distance map of the solid phase (see Fig. 1(b)). Due to the grain’s shape is always 96 

non-spherical, and the surface of the grains is rough, a single grain may present more than one 97 

local maxima in the Euclidean distance map. This multiple-center phenomenon results in the over 98 

partitioning problem of the EDTWGP algorithm (see Fig. 1(d)). In practice, to relieve this over 99 

partition problem, a grain center merging strategy is applied by dilating the local maxima with a 100 

given window size and then use the mass center of each isolated object as a new grain center. This 101 

method effectively reduces the number of grain centers. Fig. 1(e) illustrates the modified grain 102 

centers from Fig. 1(c) using a window of 5´5 voxels. Fig.1(f) presents the result of the EDTWGP 103 

method using Fig. 1(e) as grain centers. Note that the grain center merging strategy relieves the 104 

over partitioning problem but is far from perfect to resolve this problem. 105 
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Fig. 1 The illustration of grain partitioning using the EDTWGP method. [a] is a segmented 2D image, 
black is pore, and white is solid; [b] is the Euclidean distance transform of the solid phase of the image 
[a]; [c] presents the local maxima of the Euclidean distance map (the white dots); [d] is the result of 
EDTWGP algorithm; [e] is the modified grain centers using the grain center merging strategy with a 
window of 5´5 voxels; [f] is the result of grain partitioning by EDTWGP algorithm using [e] as 
watershed markers. 

The EWGP algorithm is carried out via two steps. First, the segmented image is successively 106 

eroded with a 3´3 square structure to obtain the grain centers of each grain. Note that the grains 107 

which disappear during erosion will be recorded and then be recovered. For example, a grain 108 

vanished at the nth step of erosion, then its status of the n-1 step is recovered and maintained 109 

without further erosion. The erosion process is carried out until the maximum number of distinct 110 

grains are obtained. This process avoids the loss of small grains during the erosion. Second, the 111 

watershed algorithm is applied to finish the grain partitioning based on the Euclidean distance map 112 

of the solid phase using the previously identified grain centers as markers. We can see that the 113 

main drawback of the EWGP method is under partitioning. Fig. 2 illustrates in detail the grain 114 

centers’ extraction procedures using successive erosion strategy. Fig. 2[a] is the initial image, 115 

which just contains several connected components where each component is presented as a unique 116 

color. Eight grains labelled as A, B, C, D, and A’, B’, C’, D’ are selected from Fig. 1[a] to explain 117 

why the EWGP method always has an under-partitioning problem. It is reasonable to consider that 118 

grains A, B, C, D and their corresponding grains A’, B’, C’, D’ are four pairs of adjacent single 119 

grains in terms of visual inspection. Along with the erosion, grain pairs C/C’ and D/D’ are 120 

successfully separated and have different grain cores. However, the grain pairs A/A’ and B/B’ are 121 

failed to be detected as different grains because the cores of A’ and B’ disappear before the 122 

‘connections’ between A/A’ and B/B’ are broken (see Fig. 2[b] to [e]). Fig. 2[f] shows the result 123 

A
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of the EWGP method. We can see that the EWGP method will lead to a problem of under-124 

partitioning.  125 

   

   
Fig. 2 The illustration of grain partitioning using the EWGP method. [a] is a 2D segmented image of a 
sandstone rock sample in which each color denotes a connected solid component except the dark blue 
that is pore; image [a] is successively eroded with a 3´3 square structure to obtain the grain centers 
and the result of the 1st, 5th, 10th and 15th erosion are presented from [b] to [e]; [f] is the final 
grain partitioning result using EWGP method based on the grain centers presented in [e]. 

From Fig. 1 and Fig. 2, we can see that both the EDTWGP algorithm and EWGP algorithm have 126 

their disadvantages. The EDTWGP algorithm presents both over-partitioning and under-127 

partitioning problems, and the EWGP algorithm mainly presents an under-partitioning problem. 128 

The premise of improving the EDTWGP method is that we need to discriminate whether several 129 

adjacent fragments belong to a single grain and this is not easy to realize. Therefore, we focus on 130 

improving the EWGP method by alleviating its under-partitioning. Whether two adjacent grains 131 

can be successfully separated highly depends on the relationship between the grains’ size and their 132 

contact surfaces’ size. For example, two adjacent grains are partially overlapped with each other, 133 

and one is bigger than its neighbor. If the dimension of the short axis of the smaller grain is smaller 134 

than the radius of the contact surface, the smaller grain will disappear before the break of the 135 

connection between two grains during the erosion. Then these two grains cannot be separated in 136 
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the final result. Therefore, we proposed a differential erosion strategy that is carried out to 137 

selectively erode the contact part of two grains but keep other parts untouched. Then these two 138 

adjacent grains will be easier to be separated. In order to realize the differential erosion, we propose 139 

the skeleton extension method. Because the endpoint of each skeleton branch of the pore phase 140 

always points to the contact part of two adjacent grains, we extend the skeleton branch along its 141 

trend to make the skeleton branch invade into the solid phase with a certain distance. Then the 142 

invaded part of the solid phase is labelled as the pore phase. This process is easy to operate but 143 

effectively realize the differential erosion of the solid phase. In this study, we propose a skeleton 144 

extension erosion grain partitioning (SEEGP) method to enhance the image-based grain 145 

partitioning technique.  146 

The remainder of this work is organized as follows. In Sect.2, a 2D image of a consolidated rock 147 

sample is applied to illustrate the details of the proposed grain partitioning method. Then a 3D 148 

600´600´600 voxels Fontainebleau sandstone sample is used to demonstrate the application of 149 

the proposed method in the 3D domain. In Sect. 3, the proposed grain partitioning method is further 150 

validated by two 600´600´200 voxels synthetic images of the granular rock samples generated by 151 

the grain-based reconstruction method because the synthetic images can be prelabelled. Finally, 152 

the conclusions are given. 153 

2. Methodology 154 

In this study, we propose a skeleton extension erosion grain partitioning (SEEGP) method to 155 

improve the image-based grain partitioning performance. The basic idea of skeleton extension 156 

erosion is differential erosion. A premise of the grain partitioning is that the single grain is assumed 157 

as a convex polygon, or at least an approximated convex polygon considering the roughness of the 158 

grain surface. The boundary between two adjacent convex polygons partially overlapped with each 159 

other present an outstanding part towards the solid phase. Therefore, if we extract the pore space’s 160 

skeleton in the 2D domain, we can find that each end branch of the skeleton implies a potential 161 

boundary of two grains. To avoid over-partitioning, we propose a multiple partitioning strategy, 162 

by which the image is partitioned multiple times. Each time, the end branch of the skeleton of the 163 

pore space just slightly extends with a short distance (say 5 pixels) to make sure the skeleton 164 

regularly invades into the solid phase. Then the invading part of the solid phase is eroded as the 165 

pore phase. After that, the EWGP method is applied to separate the eroded image into a numerous 166 



number of grains. Once a convex grain has been identified, it will be frozen to avoid further 167 

partitioning. More details about our proposed SEEGP method are explained as follows. 168 

2.1 grain-partitioning of 2D images 169 

In this section, a 2D image of a Fontainebleau sandstone, a typical granular rock sample with 170 

moderate compaction (Wang et al., 2018), is applied to demonstrate the proposed grain partitioning 171 

method. The main reason why the EWGP method fails to separate some overlapped grains is that 172 

the size of the interface of two grains is similar or larger than the grain size of one of these two 173 

grains. In other words, the relatively small grain has already been disappeared during the 174 

successive erosion, but the ‘neck’ between these two grains still exists. Then the computer cannot 175 

detect the existence of the relatively smaller grain (see the grain pairs of A and A’ in Fig. 2). This 176 

problem also exists in the EDTWGP algorithm (Sheppard et al., 2006). An effective way to solve 177 

this problem is to selectively erode some critical parts of the segmented image where the curvature 178 

is outstanding to ‘help’ the computer identify two grains’ interface of. The proposed SEEGP 179 

method is carried out via five steps. 180 

First, a segmented image with two phases (0 is pore and 1 is solid), denoted by S, is separated into 181 

a large number of single grains by conventional EWGP algorithm to obtain an initial grain 182 

partitioning result, which is denoted by P. Each grain in P is labelled as a unique integer ranges 183 

from 1 to n and the pixels labelled by 0 present pore phase. In general, the initial partitioning result 184 

contains some under partitioned grains. Also, an empty space domain denoted by G is established. 185 

Second, an index named convex degree is applied to describe how close a grain approach to a 186 

convex polygon (Chan, 1996; Saračević et al., 2014; Stanimirovic et al., 2012). Then the convex 187 

degree of every single grain in image P is calculated by 188 

 
𝐶! =

𝐴"
𝐴#

 (1) 

where 𝐶! is the convex degree, 𝐴" is the area/volume of the target grain and 𝐴# is the area/volume 189 

of the smallest convex polygon that surrounds all pixels/voxels of the target grain. Once the convex 190 

degree is larger than a preset threshold (say 0.95), the target grain is considered as a convex 191 

polygon and then this grain is removed in P but transferred to the image G with totally same 192 

location and shape. Note that the threshold of 0.95 in this case is an empirical value, and this 193 

threshold is different from sample to sample depends on the sedimentary environment it formed. 194 



This procedure is repeated until all grains in P are processed. Finally, the image S is updated by 195 

segmenting the image P into a binary image where all grains are merged as 1 and the pore area is 196 

labelled as 0. The convex polygon of a given grain is calculated by scikit-image, a third-party 197 

python package. 198 

 
Fig. 3 The demonstration of the convex degree of a grain. 

Third, the skeleton of the pore phase of the image S is calculated using a third-party package of 199 

python named scikit-image (Lee et al., 1994; Zhang and Suen, 1984). Then the skeleton is extended, 200 

and the image S is eroded using the method illustrated in Fig. 4. The skeleton extension erosion is 201 

carried out via three steps: 1) centered by an endpoint of the skeleton, all skeleton pixels within a 202 

given radius are selected; 2) using the endpoint of the skeleton as a pivot, the selected skeleton 203 

fragment is rotated by 180°; 3) the original solid pixels of S which are penetrated by extended 204 

skeleton are then relabeled as pore phase. This process is aimed to extend the skeleton along its 205 

original direction to penetrate the solid phase to make it easier for the computer to detect the 206 

potential grain boundary. Note that, Rotating the skeleton fragment 180 degrees using the endpoint 207 

of the skeleton as pivot approximately equal to extend the skeleton along with its trend directly. 208 

After that, the image P is updated by partitioning the current image S that is already processed by 209 

the skeleton extension erosion using the EWGP algorithm. Fig. 4 presents the workflow of the 210 

skeleton extension erosion. Using conventional grain partitioning method, grain A and A’ in fig. 211 

4[a] cannot be separated correctly but can be partitioned based on the image after skeleton 212 

extension erosion (see Fig. 4[f]).  Fig. 4[b] and Fig. 4[c] show the skeleton of the pore space of the 213 

demonstrated image before and after skeleton extension. All white pixels in Fig. 4[c] will be 214 

relabeled as pore, and this process enhance the ability of the EWGP method to detect the potential 215 

boundaries between different grains. Fig. 4[d] and [e] are two image patches extracted from Fig. 216 

4[b] and [c], respectively, which illustrates the procedure of skeleton extension in detail. The 217 
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endpoints of the skeleton are used as pivots. Centered by each pivot pixel, all skeleton pixels within 218 

a given skeleton extension radius (e.g., 5 pixels length in Fig. 4[e]) are selected as template pixels. 219 

These template pixels are then rotated by 180° based on the pivot pixels (see Fig. 4[e]).  220 

   

   
Fig. 4 The demonstration of the skeleton-extension erosion, [a] is the initial grain partitioning result of a 
2D sandstone image; [b] is the skeleton of the pore space of image [a]; [c] is the extended skeleton using 
an extension radius of 5 pixels; [d] and [e] are two image patches extracted from the red boxes of [b] and 
[c] respectively; [f] is the grain partitioning result after the skeleton-extension erosion. 

In step four, similar to the second step, the convex degree of all grains in image P is examined. 221 

These grains whose convex degree is larger than the preset the threshed are removed from image 222 

P but added to image G. Then the image S is updated by segmenting the image P into a binary 223 

image where all grains are merged as 1 and the pore area is labelled as 0. 224 

In step five, the steps three and four are carried out iteratively until all grains are identified or the 225 

iteration numbers reach the preset maximum iteration number. Note that all grains are identified 226 

means all grain pixels in the initial binary image are assigned a grain label.  If the iteration number 227 

reaches the maximum preset iteration number but not all grain pixels are labelled, the grains 228 

identified in the latest P are totally added to image G. The image G presents the final grain 229 

partitioning strategy.  230 
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We apply a multiple-partitioning strategy to separate the grains of the sample because we need to 231 

balance the grain numbers and convex degree of each grain. In other words, we prefer to obtain a 232 

grain partitioning result that contains a small grain number but makes each grain approaches a 233 

convex polygon. Along with the regularly implemented skeleton extension erosion, the separated 234 

grains will become more and more convex-like, but the image will be more and more fragmentized 235 

(over partitioning). Fig. 5 illustrates the result of the grain partitioning based on different skeleton 236 

extension degree. From Fig. 5(a) to Fig. 5(c), the skeleton extension radius is set as 3, 5, and 7, 237 

respectively. Six grains labelled as A to F are selected in Fig. 5 to present the evolution of the grain 238 

partitioning along with the enlarge the skeleton extension radius, and we can see that grains A, B, 239 

and C are under partitioned in Fig. 5(a) and then successfully separated in Fig. 5(b) and (c). Grain 240 

D, E, F has already been reasonably identified in Fig. 5(a) but over partitioned in Fig. 5(b) or (c). 241 

Therefore, we introduce a multiple-partitioning strategy where once a convex grain has been 242 

identified, it will be frozen to prevent it from being further partitioned. Note that the validation of 243 

the grain partitioning of the real consolidated rock sample image is carried out by visual inspection. 244 

This is because there is no reference grain partitioning scheme for an image of the real rock sample. 245 

An acceptable grain partitioning scheme needs to balance the convexity of the grain shape and the 246 

total grain number. In order to validate the performance of different grain partitioning algorithms, 247 

we processed three synthetic porous media using object-based reconstruction method in which 248 

each grain has been labelled by a unique integer during the reconstruction. The validation of 249 

synthetic samples’ grain partitioning is presented in Sect. 3. 250 

   
Fig. 5 The demonstration of the effect of the skeleton extension radius. 

Fig. 6 illustrates the procedure of the multiple-partitioning with 3 scales partitioning, and the 251 

convex degree is set as 0.93. From Fig. 6, we can see that the convex grains are gradually added 252 

into an empty domain G that has the same size as the target image. During the multiple-partitioning 253 
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process, once a grain is separated and assessed as a convex grain, it will be frozen to avoid further 254 

partitioning. All grains from the last scale partitioning will be added into the domain G, even some 255 

are not convex, to make sure all solid phase voxels in the target porous structure are allocated to a 256 

grain. 257 

   

   

   
Fig. 6 The illustration of the multiple-partitioning strategy, [a] is the initial grain partitioning result; [b] 
is image G where the convex grains of [a] are added in; [c] is the two-phase porous media obtained by 
removing all convex grains from [a]; [d] is the grain partitioning result of image [c]; [e] is the updated 
image G by adding new convex grains extracted from [d]; [f] is the two-phase porous media consists of 
the remaining grains; [g] is the grain partitioning result of image [f]; [h] is the updated image G by adding 
new convex grains extracted from [g]; [i] is the final grain partitioning results in which the nonconvex 
grains are directly extracted from [g].  
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2.2 grain-partitioning of 3D images 258 

The Multiple skeleton-extension erosion grain partition method introduced before presents a good 259 

performance in 2D image processing. The same procedures can be applied to process 3D images 260 

except for the part of skeleton extension. The boundary of two grains is presented as a curve in the 261 

2D domain, but a surface in the 3D domain. Therefore, the extension of the skeleton in the 3D 262 

image will penetrate into the solid phase as a ‘hole’ rather than erode the entire outer part of the 263 

boundary surface of two grains. To solve this problem, the skeleton-extension erosion is carried 264 

out all slices in x-, y- and z-directions. After skeleton-extension erosion in the 3D domain, the 265 

Erosion-Watershed grain partitioning method is applied to separate the target image into different 266 

grains. Similar to the 2D grain partitioning, a multiple partitioning strategy is also applied in the 267 

3D image processing. 268 

   

   
Fig. 7 Demonstration of the skeleton of pore space of a porous media in 3D view and three extracted 2D 
slices, [a] is a 50´50´50 voxels size 3D porous media (red is pore and white is solid); [b] is inner view 
of the pore space of image [a]; [c] is the skeleton of the pore space presented in [b]; [d] to [f] are three 
2D sections extracted from image [a] from the location of x=25, y=25 and z=25, respectively (red is pore, 
white is solid and green is skeleton). 

 269 
Fig. 8 schematically demonstrates the skeleton extension erosion in the 3D image. Fig. 8[a] 270 

presents a simple shape consists of two spheres with an equal radius of 15, where the circle C is 271 

the intersection curve of two spheres with a radius of 8. Fig. 8[b] presents five cross sections in 272 
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YZ plane extracted from X=5, 10, 15, 20, 25. The yellow lines present the eroded part of the solid 273 

phase. Fig. 8[c] is the final result of the skeleton extension erosion at Z=15, where the yellow part 274 

denotes the eroded area. Note that the skeleton extension erosion is carried out within XY, YZ, 275 

and XZ planes. Fig. 8 demonstrates the skeleton extension erosion in the 3D image using a simple 276 

structure combined by two spheres that are vertically stacked with each other. In fact, the proposed 277 

method is not sensitive to the grain shape as long as the grain shape is a convex polygon. Because 278 

the erosion is carried out in XY, YZ, and XZ planes, a boundary surface will be detected no matter 279 

what normal direction it has.  280 

 

 
 

Fig. 8 Schematic demonstration of skeleton extension erosion in 3D image 
 281 
A workflow chart of the proposed SEEGP method is presented in Fig. 9. A segmented rock image 282 

(I) is firstly processed by the EWGP method to obtain an initial grain partitioning scheme (P0). In 283 

addition, we generate an image (denoted by G) with the same size as image I but all voxels are 284 

valued as 0. This image G is used to collect all recognized convex grains during the grain 285 

partitioning step. Then, the convex degree of each single grain of image P0 is calculated according 286 

to Eq. (1). All convex grains are directly moved to the corresponding locations in the image G, 287 

and other non-convex grains remain in image P0. All grains in P0 are then merged as one solid 288 

phase and labelled as 1. After that, the image P0 is processed by skeleton extension erosion and 289 

followed by an EWGP grain partitioning. The obtained grain partitioning image is denoted by P1. 290 

Then the convex degree of each grain in the grain portioned image P1 is calculated. The convex 291 

grains of P1 are moved to image G, and others remain in the image P1. Then the skeleton extension 292 

erosion and EWGP is successively carried out based on image P1. This process is repeated until 293 

all grain voxels have been labelled or the maximum iteration number is reached. If the maximum 294 

iteration number has reached, but the current image G still does not cover all grain phase presented 295 

in the image I, all grains identified in the latest grain partitioning scheme (Pi, i=0,1,2,3…) are 296 
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moved to the image G. Finally, the obtained image G is the final result of the skeleton extension 297 

erosion grain partitioning. 298 

 
Fig. 9 Flow diagram of skeleton extension erosion grain partitioning method. 

 299 

3. Results and Discussion 300 

Through extending the skeleton in 2D slices, the 3D image can be processed using our proposed 301 

SEEGP method. Fig. 10 illustrates the result of the SEEGP method based on a 600´600´600 302 

voxels consolidated sandstone sample, and we can see that the proposed method effectively 303 

separates the target rock sample into a large number of single grains based on visual inspection. 304 

Because the demonstrated sandstone is a natural sample, there is no reference grain partitioning 305 
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scheme to quantitatively evaluate the grain partitioning performance. Therefore, using synthetic 306 

images in which all grains have been labelled to validate the grain partitioning methods is applied 307 

in this study.  308 

  
Fig. 10 The demonstration of the skeleton extension erosion grain partitioning of the 3D sample. 

 309 
Two synthetic porous structures, denoted by S1 and S2, are generated and processed by the 310 

proposed method. These two 600´600´200 voxels synthetic porous structures S1 and S2 are 311 

generated by a grain-based porous structure reconstruction method (Arns et al., 2009; ØRen and 312 

Bakke, 2002). The grains’ radius consists of the images S1 and S2, are randomly selected from 313 

two Gaussian distributions of N(5, 5) and N(5, 3), respectively. Each grain in images S1 and S2 is 314 

labelled by a unique integer number during the reconstruction, which can be used as a reference 315 

image to validate our grain partition algorithm. Fig. 11[a] illustrates the initial reconstructed image 316 

of S1, and its corresponding results of the grain partitioning using the SEEGP method and EWGP 317 

method are presented in Fig. 11[b] and Fig. 11[c], respectively. Fig. 11[d] to [f] are three 2D 318 

sections extracted from Fig. 11[a] to [c], respectively. Fig. 11[g] illustrates the initial reconstructed 319 

image of S2. Fig. 11[h] and [i] are the results of the grain partitioning using the SEEGP and EWGP 320 

method, respectively. Fig. 11[j] to [l] are three 2D sections extracted from Fig. 11[g] to [i], 321 

respectively. Two reconstructed images, S1 and S2, are consolidated porous structures with a 322 

porosity of 0.3 and 0.15, respectively. From Fig. 11, we can visually find that the proposed SEEGP 323 

method presents a better performance to separate a grain from a group of grains overlapped with 324 

each other than that of the EWGP method.  325 



   

   

   

   
Fig. 11 The illustration of the reconstructed image and the results of the grain partitioning using the 
proposed SEEGP method and the Erosion-Watershed method in 3D view and 2D sections (different 
colors denote different grains except the dark blue that presents the pore). [a] is a 3D reconstructed 
synthetic porous medium with a grain size distribution of N(5,5) and a porosity of 0.3 (S1); [b] and [c] 
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[d] [e] [f] 
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are results of the grain partitioning using the SEEGP method and EWGP, respectively; [d] to [f] are three 
2D sections extracted from [a] to [c] at the location of z=100 voxels, respectively; [g] is a 3D 
reconstructed synthetic porous medium with a grain size distribution of N(5,3) and a porosity of 0.15 
(S2); [h] and [i] are results of the grain partitioning using the SEEGP method and EWGP, respectively; 
[j] to [l] are three 2D sections extracted from [g] to [i] at the location of z=100 voxels, respectively. 

Fig. 12 illustrates the grain size distribution of the initial generated images S1 and S2, and their 326 

grain partitioned images using SEEGP and EWGP methods, respectively. We can see that the grain 327 

distribution of the SEEGP processed image matches well with that of the initial reconstructed 328 

image in both S1 and S2. However, the EWGP method processed image presents an apparent 329 

larger grain radius than initial reconstructed images. Because the sample S2 is more consolidated 330 

than the sample S1, we can see that both SEEGP and EWGP method present a worse performance 331 

in the sample S2 than in the sample S1. The number of grains detected in S1 and S2 using different 332 

grain partitioning methods also can be applied to validate the processing performance. The sample 333 

S1 is comprised of 12428 grains. After grain partitioning using the SEEGP method, 6851 grains 334 

are detected. There are 1786 grains are labelled in the EWGP processed S1 image. Compared to 335 

sample S1, Sample S2 is much tighter, which contains 37616 grains. However, only 14928 grains 336 

are detected in the SEEGP processed image, and 2846 grains are detected in the EWGP processed 337 

image. 338 

   

Fig. 12 Grain size distribution of images S1 [a] and S2 [b]. Compared to the EWGP processed image, 
the grain size distribution of the SEEGP method processed image matches better with that of the initial 
reference image. The proposed SEEGP method presents a better performance in S1 than in S2 that is 
more consolidated.   
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4. Conclusion  339 

In this paper, we proposed a skeleton extension erosion grain partitioning method to separate the 340 

image of the granular rock sample into a combination of single grains. The innovation of our 341 

proposed method is that we introduce a skeleton extension erosion strategy to realize the 342 

differential erosion of the image during the grain cores’ location process. Through extending the 343 

end branches of the skeleton of the pore phase, the extended skeleton invades into the solid phase 344 

along the potential grain boundaries. Then the former solid pixels invaded by skeleton pixels are 345 

eroded as pore phase. This process effectively enhances the ability of the SEEGP method to detect 346 

the potential grain boundaries in the images of the consolidated granular rock samples. Based on 347 

the discussion before, some conclusions can be obtained as follows: 348 

(1) The proposed skeleton extension erosion grain partitioning method can effectively improve the 349 

problem of under-partitioning compared to the popular applied erosion-watershed grin partitioning 350 

algorithm; 351 

(2) The performance of the image-based grain partitioning method deteriorates along with the 352 

increase of the consolidation of the porous structure. 353 

Acknowledgement 354 

The two authors cheerfully acknowledge that this work is supported by King Abdullah University 355 

of Science and Technology (KAUST) through the grants BAS/1/1351-01, URF/1/4074-01, and 356 

URF/1/3769-01.  For computer time, this research used the resources of the Supercomputing 357 

Laboratory at King Abdullah University of Science & Technology (KAUST) in Thuwal, Saudi 358 

Arabia. 359 

Reference 360 

Arns, C.H., Knackstedt, M.A. and Mecke, K.R., 2009. Boolean reconstructions of complex 361 
materials: Integral geometric approach. Physical Review E, 80(5): 051303. 362 

Bauget, F. et al., 2005. ROCK TYPING AND PETROPHYSICAL PROPERTY ESTIMATION VIA DIRECT 363 
ANALYSIS ON MICROTOMOGRAPHIC IMAGES. 364 

Beucher, S. and Mathmatique, C., 2000. The Watershed Transformation Applied To Image 365 
Segmentation. Scanning. Microsc., 6. 366 

Beucher, S. and Meyer, F., 1993. Segmentation: The Watershed Transformation. Mathematical 367 
Morphology in Image Processing. Optical Engineering, 34: 433-481. 368 

Chan, T.M., 1996. Optimal output-sensitive convex hull algorithms in two and three dimensions. 369 
Discrete & Computational Geometry, 16(4): 361-368. 370 



Du, Q. and Wang, D., 2005. The optimal centroidal Voronoi tessellations and the gersho's 371 
conjecture in the three-dimensional space. Computers & Mathematics with 372 
Applications, 49(9): 1355-1373. 373 

Faber, V. and Gunzburger, M., 1999. Centroidal Voronoi Tessellations: Applications and 374 
Algorithms. Siam Review - SIAM REV, 41: 637-676. 375 

Farhan, M., Yli-Harja, O. and Niemistö, A., 2013. A novel method for splitting clumps of convex 376 
objects incorporating image intensity and using rectangular window-based concavity 377 
point-pair search. Pattern Recognition, 46(3): 741-751. 378 

Knackstedt, M., Kelly, J., Saadatfar, M., Senden, T. and Sok, R., 2005. Rock fabric and texture 379 
from Digital Core Analysis, SPWLA 46th Annual Logging Symposium. Society of 380 
Petrophysicists and Well-Log Analysts, New Orleans, Louisiana, pp. 16. 381 

Lan, H., Martin, C.D. and Hu, B., 2010. Effect of heterogeneity of brittle rock on 382 
micromechanical extensile behavior during compression loading. Journal of Geophysical 383 
Research: Solid Earth, 115(B1). 384 

Lee, T.C., Kashyap, R.L. and Chu, C.N., 1994. Building Skeleton Models via 3-D Medial Surface 385 
Axis Thinning Algorithms. CVGIP: Graphical Models and Image Processing, 56(6): 462-386 
478. 387 

Mukherjee, D.P., Potapovich, Y., Levner, I. and Zhang, H., 2009. Ore image segmentation by 388 
learning image and shape features. Pattern Recognition Letters, 30(6): 615-622. 389 

Najman, L. and Schmitt, M., 1994. Watershed of a continuous function. Signal Processing, 38(1): 390 
99-112. 391 

ØRen, P.-E. and Bakke, S., 2002. Process Based Reconstruction of Sandstones and Prediction of 392 
Transport Properties. Transport in Porous Media, 46(2): 311-343. 393 

Rabbani, A. and Ayatollahi, S., 2015. Comparing three image processing algorithms to estimate 394 
the grain-size distribution of porous rocks from binary 2D images and sensitivity analysis 395 
of the grain overlapping degree. Special Topics and Reviews in Porous Media, 6: 71-89. 396 

Saadatfar, M., Shepard, A. and Knackstedt, M., 2010. Grain Partitioning and its Applications, pp. 397 
269-276. 398 

Saračević, M., Stanimirovic, P., Krtolica, P. and Masovic, S., 2014. Construction and Notation of 399 
Convex Polygon Triangulation Based on Ballot Problem. Romanian Journal of 400 
Information Science and Technology, 17: 237–251. 401 

Schaller, F. et al., 2013. Set Voronoi diagrams of 3D assemblies of aspherical particles. 402 
Philosophical Magazine, 93. 403 

Sheppard, A., Sok, R. and Averdunk, H., 2005. Improved Pore Network Extraction Methods. 404 
International Symposium of the Society of Core Analysts. 405 

Sheppard, A., Sok, R., Averdunk, H., Robins, V. and Ghous, A., 2006. Analysis of rock 406 
microstructure using high-resolution X-ray tomography. Society of Core Analysts, Paper 407 
No. 26. 408 

Skrivanos, N.C. and Engineering, L.S.U.D.o.P., 2018. Enhanced Grain Partitioning of X-ray 409 
Microtomography Segmented Images. Louisiana State University. 410 

Song, R. et al., 2020. A Comprehensive Experimental Study on Mechanical Behavior, 411 
Microstructure and Transport Properties of 3D-printed Rock Analogs. Rock Mechanics 412 
and Rock Engineering, 53(12): 5745-5765. 413 



Stanimirovic, P., Krtolica, P., Saračević, M. and Masovic, S., 2012. Block Method for Convex 414 
Polygon Triangulation. Romanian Journal of Information Science and Technology, 15: 415 
344-354. 416 

Sun, W., Wang, L. and Wang, Y., 2017. Mechanical properties of rock materials with related to 417 
mineralogical characteristics and grain size through experimental investigation: a 418 
comprehensive review. Frontiers of Structural and Civil Engineering: 1-7. 419 

Theo, E.S., Harco, C.K. and Egon, L.v.d.B., 2006. Three-dimensional fast exact Euclidean distance 420 
(3D-FEED) maps. Proc.SPIE, 6066: 60660F. 421 

Thompson, K.E., Willson, C.S. and Zhang, W., 2006. Quantitative computer reconstruction of 422 
particulate materials from microtomography images. Powder Technology, 163(3): 169-423 
182. 424 

Torskaya, T., Shabro, V., Torres-Verdín, C. and Salazar-Tio, R., 2013. Grain Shape Effects on 425 
Permeability, Formation Factor, and Capillary Pressure from Pore-Scale Modeling. 426 
Transport in Porous Media, 102. 427 

Wang, W. and Ji, T., 2019. Adaptive analysis method for particles image. Multimedia Tools and 428 
Applications, 78(11): 15317-15333. 429 

Wang, Y., Arns, J.-Y., Rahman, S.S. and Arns, C.H., 2018. Three-dimensional porous structure 430 
reconstruction based on structural local similarity via sparse representation on micro-431 
computed-tomography images. Physical Review E, 98(4): 043310. 432 

Wang, Y., Azzaben, A., Arns, C.H. and Sun, S., 2021. Image-based rock typing using local 433 
homogeneity filter and Chan-Vese model. Computers & Geosciences: 104712. 434 

Wang, Y., Luo, Y. and Liu, H., 2015. Estimation of Permeability for Tight Sandstone Reservoir 435 
Using Conventional Well Logs Based on Mud-Filtrate Invasion Model. Energy Exploration 436 
& Exploitation, 33(1): 15-24. 437 

Wang, Y. and Sun, S., 2021a. Image-based rock typing using grain geometry features. 438 
Computers & Geosciences: 104703. 439 

Wang, Y. and Sun, S., 2021b. Multiscale pore structure characterization based on SEM images. 440 
Fuel, 289: 119915. 441 

xu, D. and Li, H., 2006. Euclidean Distance Transform of Digital Images in Arbitrary Dimensions, 442 
4261, 72-79 pp. 443 

Zhang, T.Y. and Suen, C.Y., 1984. A fast parallel algorithm for thinning digital patterns. Commun. 444 
ACM, 27(3): 236–239. 445 

 446 


