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Highlights: 9 
1. Rock typing can be carried out based on geometry features of grains; 10 
2. Erosion and watershed algorithms partition the rock image into distinct grains; 11 
3. The rock type of each grain can be identified using SVM effectively.  12 

Abstract 13 

Image-based rock typing is carried out to quantitatively assess the heterogeneity of the reservoir 14 

specimen at a pore scale by classifying an image of a heterogeneous rock sample into a number of 15 

relatively homogeneous regions. Image-based rock typing can be treated as a special application 16 

of texture classification in the field of the digital core. In conventional texture classification 17 

algorithms, a single size window or a set of windows with different size are applied to scan the 18 

image to extract various local structure features, and then a classification algorithm is used to 19 

classify the image into different regions where each region possesses unique structure features. 20 

Due to the local features are extracted within a window, it is still challenging to identify the class 21 

of the voxels close to the boundary between different regions. In this paper, a rock typing method 22 

is proposed, which uses the geometry features of the grains instead of local structure features for 23 

classification. Inspired by the fact that in some cases the heterogeneity of the reservoir is mainly 24 

affected by the sedimentary process, which means each rock type always has certain specific grain 25 

features such as size and sphericity. To this kind of rock samples, the proposed grain-based rock 26 

typing algorithm can effectively address the boundary ambiguousness problem. In this study, the 27 

grains of the rock sample are partitioned firstly, and then their geometry features are calculated. 28 

 
1 Yuzhu Wang processed the data and wrote the manuscript. Shuyu Sun supervised the study and revised the 
manuscript. 
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Then a support vector machine algorithm is used to classify these grains into different rock types. 29 

Finally, the pore voxels are given a rock type, which is identical to its nearest grain. The proposed 30 

method shows excellent performance in the heterogeneous samples whose grains are available to 31 

be partitioned and distinguishable. 32 

Keywords: Image Analysis; Algorithms; Geology 33 

1. Instruction 34 

Rock typing is carried out to classify the reservoir into different units, namely rock types, where 35 

each unit can be treated as a relatively homogeneous porous media with unique morphological 36 

features such as porosity and pore size distribution. Rock typing has developed as an important 37 

subject in the field of reservoir characterization from field scale to the core scale because it plays 38 

an important role in understanding the heterogeneity of the reservoir. Classification of rock types 39 

can be carried out based on many different criteria such as seismic sections (Xu et al., 1992), well 40 

logging (Pirrone et al., 2016; Skalinski et al., 2010; Wang et al., 2015) and laboratory measured 41 

data (Gomes et al., 2008; Lis-Śledziona, 2019; Puskarczyk et al., 2018; Zhang et al., 2018; Zhu et 42 

al., 2018). Due to the universal application of some popularly used imaging devices, for example, 43 

micro X-ray computed tomography (µ-CT) and scanning electron microscopy (SEM), the 44 

heterogeneity of reservoir can be observed directly at a pore scale (Wang et al., 2018b; Wang et 45 

al., 2018d) which derives image-based rock typing analysis. Compared to the rock typing based 46 

on labroratory measured data, image-based rock typing has some special advantages. First, 47 

conventional laboratory measurement methods, such as constant speed mercury injection pressure, 48 

low pressure gas adsorption, and low field nuclear magnetic resonance, just provide us the overall 49 

pore size distribution of an entire rock sample, but be failed to  describe the inner structure of each 50 

rock type which plays an important role in reservoir evaluation. However, image-based rock typing 51 

provides an effective way to characterize the inner struture of each rock type and further evaluate 52 

its permebility contribution to the whole rock sample. For example, Yuzhu Wang et al., (Wang et 53 

al., 2018d) characterized the pore network of a shale sample and find that most of macropores 54 

(intergranular pores) are isolate with each other but connected by some nanoscale porous media 55 

such as kerogen, which indicates the content of kerogen plays a critical role in the gas 56 

transportation of the target sample. Second, image-based rock typing is the premise of the 57 

upscaling in digital core. Considering the time consumption, it is impractical to undertake flow 58 
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simulation in a large porous medium, therefore upscaling is a necessary process corase scale flow 59 

simulation. Third, fluid transportat in different scales’ pore networks is determined by different 60 

flow regimes vary from continum flow, slip flow, transition flow and Knudsen diffusion. Thus, it 61 

is necessary to carry out rock typing before undertaking numerical flow simulation in the 62 

multiscale porous media (El-Amin et al., 2019; Salama et al., 2017; Yuan et al., 2015; Zhang et 63 

al., 2019). 64 

Image-based rock typing has two application scenarios. First, classifying a number of microscopy 65 

sections collected from different reservoir zoon into different rock types where each section has 66 

relative homogeneous structure features (Jobe et al., 2018; Wang and Sun, 2021). Rock typing is 67 

also carried out to segment the image of a limestone sample into various kinds, including fractured, 68 

vuggy, and matrix types based on µ-CT images (Li et al., 2017). Second, different rock types occur 69 

in a single image, and the whole image needs to be segmented into different rock types according 70 

to their texture features.  71 

In this study, the image-based rock typing especially refers to the second scenario, and it can be 72 

treated as a texture classification problem which is universally discussed in various areas from 73 

biomedical image analysis to object identification of aerial images (Cavalin and Oliveira, 2017; 74 

Lashari and Ibrahim, 2013; Lin et al., 2006; Mushrif et al., 2006; Sali and Wolfson, 1992; Shaban 75 

and Dikshit, 1998; Willis et al., 2017; Zhang et al., 2017). The conventional image-based rock 76 

typing is carried out via two steps, including 1) feature extraction and 2) rock types’ classification 77 

(Armi and Fekri Ershad, 2019). Extractive features can be any kinds of parameters describe the 78 

structural features of the target porous media, including “statistical methods,” “structural methods,” 79 

“model-based methods,” and “transform methods” (Eichkitz et al., 2015; Fekri Ershad, 2012). 80 

Some popular features are co-occurrence matrix (Nanni et al., 2013), local binary patterns 81 

(Tajeripour and Fekri Ershad, 2013) and Laplacian of Gaussian (Sotak and Boyer, 1989). After 82 

the extraction of the features, some classifiers such as K means classification, support vector 83 

machine, and deep neural networks are used to classify the image into different rock types(Wang 84 

et al., 2018a; Wang et al., 2018c). 85 

Ismail et al. (2013) used regional Minkowski measures (Arns et al., 2004; Rehse et al., 2008; 86 

Renard and Allard, 2013) which consist of volume, surface, mean curvature and total curvature to 87 

define fine-scale rock types using a multi-variate Gaussian mixture model (MGMM) for 88 

classification. This work is then improved by introducing fast Fourier transform (FFT) to reduce 89 
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the computation when large size of the measurement element is used and shows high accuracy to 90 

detect the internal boundaries of the spatially heterogeneous samples (Jiang and Arns, 2020). The 91 

regional morphological measurements of a voxel are calculated within a given size of measurement 92 

window centered by that voxel. The selection of window size, however, is very tricky in practice 93 

as it is unable to capture the heterogeneity when a small window is applied and further leads to 94 

aliasing among different rock types. On the other hand, when a large window is used, the 95 

identification of the rock type in a specific region will be significantly affected by its neighbor 96 

regions with different morphological features, which also result in significant aliasing. A 97 

promising method to solve this problem is to estimate the rock type based on grains rather than 98 

based on voxel when the grains of the image of the rock sample can be partitioned. In this study, 99 

a rock typing approach using grain features is proposed to segment the image of the heterogeneous 100 

rock sample whose grains are distinguishable.  101 

The remainder of this work is organized as follows. In Sect.2, a synthetic 3D image of a 102 

heterogeneous porous media is applied to illustrate the details of the proposed rock typing method, 103 

which consists of four steps of the grain partitioning, feature extraction, SVM classification, and 104 

post-process. In Sect. 3, the proposed rock typing method is validated by three more samples 105 

including one 3D synthetic porous medium and two 2D images of real rock samples. Finally, the 106 

conclusions are given. 107 

2. Methodology 108 

The detailed procedure of rock typing is divided into four steps, including 1) grain partitioning, 2) 109 

feature extraction, 3) grain classification, and 4) pore space classification. In this paper, a 110 

600´600´600 voxels heterogeneous sample, denoted by S1 with a resolution of 4´4´4µm3/voxel 111 

is used to demonstrate the rock typing procedure (see Fig. 1). Note that the sample applied here is 112 

a synthetic image that is a combination of two rock samples with different porous structures. Thus, 113 

the boundary of two rock types is known, and it is feasible to validate the rock typing performance. 114 

Two rock types are denoted by RT1 and RT2, respectively. As Fig. 1 shows, RT1 presents a larger 115 

grain size and pore size than those of RT2. 116 
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Fig. 1. A synthetic rock sample with a size of 600´600´600 voxels contains two rock types denoted by 
RT1 and RT2, (a) is under 3D view and (b) to (d) are three sections extracted from (a) with a location of 
Z=300 voxels, Y=300 voxels, and X=300 voxels respectively. 

2.1 Grain partitioning 117 

Image-based grain partitioning is the premise of mineral recognition (Lumbreras and Serrat, 1996; 118 

Maitre et al., 2019), compressibility analysis of the rock sample (Das et al., 2020), and  rock fabric 119 

analysis (Knackstedt et al., 2005; Petri et al., 2020). Grain partitioning is carried out to identify 120 

distinct grains from a 3D segmented image with two phases of pore and solid. Two popular used 121 

methods of grain partitioning are 1) Grain Partitioning via Erosion and Voronoi Tessellation 122 

(GPEVT) and 2) Grain Partitioning via watershed (GPW) proposed by (Knackstedt et al., 2005).  123 

In the GPEVT method, the target image is persistently eroded to breaks apart the individual grains 124 

until the maximum number of distinct grains is reached. Then the entire space domain is partitioned 125 

using the Voronoi tessellation and assumes that each Voronoi cell contains a rock grain. The 126 

Voronoi cells are first defined by the center of mass of each identified grain (Voronoi seed) and 127 

then by growing the Voronoi seeds at the same rate via dilation. When the boundary of two 128 

growing seeds meets a planar boundary is defined between them. The boundary between two 129 

adjacent cells is a plane which defines the overlap between the two distinct grains. The process 130 

continues until all the grain phase is filled (Knackstedt et al., 2005).  131 

The WGP method is undertaken via two steps (Saadatfar et al., 2010). First, the Euclidean distance 132 

transform is applied to calculate the distance from each grain voxel to its nearest pore voxel. Here, 133 

the grain voxel denotes the image voxel labelled as grain phase, and the pore voxel denotes the 134 

image voxel labelled as pore phase. Any voxel whose Euclidean distance is a local maximum 135 

within its neighborhood with a given size is treated as the seed voxels, which will grow into a 136 

single grain. Then the watershed algorithm is used to segment the EDM into a large number of 137 

�a� �b� �c� �d�

x
y

z

RT2

RT1
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regions using the seed voxels identified at the first step as markers, and each segmented region is 138 

defined as a grain (Haris et al., 1998; Vincent and Soille, 1991). 139 

Both of these two methods have been successfully applied in some cases (Knackstedt et al., 2005), 140 

but they also have their limitations. The GPEVT algorithm can result in the loss of the small grains 141 

during the erosion process. While the GPW algorithm always faces the problem of over-142 

segmentation due to the noise occurs in EDM. In this study, a modified method is proposed by 143 

combining GPEVT and GPW to overcome their shortages. The proposed method is carried out 144 

through two steps. First, a set of erosion operations is undertaken to break apart the individual 145 

grains, which are identical to that of GPEVT. The only difference is that the grains which are 146 

disappeared during erosion will be recorded and then be recovered. For example, a grain was 147 

totally eroded at n steps of erosion, then its status of the n-1 step is recovered and maintained 148 

without further erosion. The erosion process is carried out until the maximum number of distinct 149 

grains are obtained. Then the mass centers of these residual core of grains are used as markers in 150 

the watershed algorithm to partition the image into distinct grains. For convenience, the image 151 

after grain partitioning is denoted by G. Fig.2 illustrates two 2D slices extracted from the 3D image 152 

after grain partitioning.  153 

  
Fig. 2. Two slices of the image after grain partitioning in which grains are presented as different colors. 
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2.2 Feature extraction 154 

After grain partitioning, the solid phase of the target image has been divided into a group of 155 

separated grains. Each grain is labeled by an integer number ranges from 1 to N (N denotes the 156 

total grain numbers). We use gi denotes the grain labelled as iÎ(1,2,3,…N). Then some geometry 157 

features of each grain can be calculated and organized together as a feature vector to classify these 158 

grains into different rock types. Due to the diversity of the rock samples, it is difficult to give a 159 

compatible combination of the features for all rock samples. On the one hand, the more features 160 

are extracted, the better performance could be expected in theory. On the other hand, more features 161 

demand higher computational expense. In this study, four features of the grains are applied for 162 

classification, which are grain volume (V), sphericity (Y), relative surface area (𝑆! ), and the 163 

average volume of neighbor grains (𝑉").  164 

Grain volume describes the volume of the grain, which is straightforwardly obtained by counting 165 

the number of voxels occupied by the target grain as: 166 

 𝑉 =$𝛿(𝑟)
#⃑∈&

 (1) 

where V denotes the volume of the target grain, 𝑟 is a 1x3 vector of (x,y,z) which presents the 167 

coordinate of the voxels over the image domain, Ω  and 𝛿(𝑟) is 168 

 𝛿(𝑟) = + 1, 𝑖𝑓	𝑝(�⃑�) = 𝑖
					0, 𝑜𝑡ℎ𝑒𝑟	𝑤𝑖𝑠𝑒	 (2) 

 where 𝑝(𝑟) denotes the pixel value of the voxel with the location of 𝑟. It is obvious that has two 169 

alternative values, 0 or 1 dependents on the label of the target voxels in G (image after grain 170 

partition) is i (the label of the target grain) or not.  171 

Sphericity measures how closely the given grain resembles that of a sphere. There are various 172 

equations to calculate the sphericity. In this study, the sphericity is obtained via (Wadell, 1935) 173 

 Ψ =
𝜋
'
((6𝑉)

)
(

𝑆(𝑖)  (3) 

where Ψ is the sphericity of the grain, S and 𝑉 are the surface area and the volume of the target 174 

grain, respectively. 175 

In the image of the rock sample, 𝑆! represents the shape and the roughness of the grain which can 176 

be calculated by 177 



 8 

 𝑆! =
𝑆
𝑉 (4) 

where 𝑆!(𝑖) is the relative surface area, 𝑆 and 𝑉 are the surface area and the volume of the grain, 178 

respectively. 179 

To judge which rock type a grain belongs to not only depends on its geometric features but also 180 

affected by its neighbor grains. This is because there are some ‘noisy grains’ whose geometry 181 

features are different from most of the grains within this rock type. The average volume of 182 

neighbor grains 𝑉"(𝑖) is given by  183 

 𝑉"(𝑖) =
∑ 𝑉(𝑗)*∈+

𝑛  (5) 

where Λ is a set of neighbors of the target grain i, j is a specific grain belongs to Λ, 𝑉(𝑗) is the 184 

volume of the grain j, and n is the number of elements contained in Λ. The neighbor grain here is 185 

defined as the one who contacted with the target grain. 186 
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Fig. 3 The distribution of various geometry features of the recognized grains in the demonstrated image, 
left column presents the training dataset and right column presents the entire dataset. 

In the demonstrated image, there are 18656 grains that are recognized totally, and among which 187 

200 grains are randomly selected as training data. Each rock type has 100 training grains. Note 188 

that the grain types of these grains in the training dataset are labeled manually. Fig. 3 presents the 189 

distribution of four grain geometry features (V, Vn, Y, and SR) of the training dataset and whole 190 

dataset. The histogram of the grain volume presents apparent bimodal distribution but with an 191 

extended range of aliasing area (see Fig. 3(a)). This is because of some RT2 grains ((see Fig. 3(a)) 192 

in Sect. 2.4. However, the histogram of the grain volume of the entire dataset dese not show 193 

bimodal distribution like that of the training dataset (see Fig. 3(b)) because the number of RT1 194 

grains (small) is much more than that of RT2. Both the histogram of the average grain volume of 195 

the training dataset and entire dataset illustrates the similar distribution features of that of the grain 196 

volume but with a narrower band ((see Fig. 3(c) and (d)). This is due to the normal process reduces 197 

the difference among the neighbor grains.  The distributions of the sphericity of the grains from 198 

RT1 and RT2 of the training dataset are completely mixed (see Fig. 3(e)). However, the histogram 199 

of the sphericity of the entire dataset presents multi-group features. This phenomenon is generated 200 

by two reasons, including 1) some grains close to the image boundary may be arbitrarily cut to 201 
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non-spherical shapes, and 2) the shape of the grains may be distorted significantly by compaction 202 

process (see Fig. 3(f)). The histogram of the relative surface area of the training dataset also 203 

presents a bimodal distribution features corresponding to RT1 and RT2 (see Fig. 3(g)), but the 204 

separation between the two groups is not as evident as that of grain volume shows in Fig. 3(a). 205 

The distribution of the relative surface area of the entire dataset presents an approximate bimodal 206 

shape (see Fig. 3(h)).  207 

2.3 Classification using support vector machine 208 

After feature extraction, each grain has its feature vector consists of grain volume, average grain 209 

volume of neighborhood, sphericity, and relative surface area. In this section, we use a support 210 

vector machine (SVM) to classify these grains into different rock types according to their grain 211 

geometry features. As a supervised machine learning algorithm, the training data must be firstly 212 

prepared for SVM (Dioşan et al., 2012; Lee et al., 2012). In the demonstration case, a total of 200 213 

grains, 100 grains for RT1, and 100 for RT2 are randomly selected from the image G, and their 214 

rock types are labeled manually. Then these labeled grains are used to train the SVM model. 215 

The standard SVM is carried out to classify two-class problems via defining the bounding planes 216 

to make sure the margin between two planes reaches maximum (Chatterjee, 2013; Cortes and 217 

Vapnik, 1995; Wang et al., 2020). In order to extend the application of the SVM algorithm from a 218 

two-class to a multi-class problem, a multi-class support vector machine (MSVM) is processed by 219 

considering the multi-class SVM problem as a collection of binary sub-problems and then combine 220 

their solutions (Angulo et al., 2003). In this paper, the standard SVM is briefly reviewed firstly 221 

and then extend to MSVM. 222 

For convenience, we use an n´m matrix X to denote the feature vectors of all grains extracted from 223 

image G, where n is the grain numbers, and m is the feature numbers. Denote xi is the ith row of 224 

the matrix X, and it represents the feature vector of the grain gi. The classification is carried out to 225 

assign a specific grain to either RT1 or RT2 with a value either +1 or -1 such that 226 

 𝑦, = ++1			𝑖𝑓	𝑥, 	𝑏𝑒𝑙𝑜𝑛𝑔𝑠	𝑡𝑜	𝑅𝑇1−1			𝑖𝑓	𝑥, 	𝑏𝑒𝑙𝑜𝑛𝑔𝑠	𝑡𝑜	𝑅𝑇2
 (6) 

As mentioned before, a 200 grains training dataset has been prepared and denoted by T. T is a 227 

subblock of X with a shape of 200´m. Denote that tp (0<p<200) is the pth raw of the matrix T and 228 

it represents the feature vector of the pth grain in training dataset. First, a SVM model is trained 229 
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based on the training matrix T. The trained SVM model is then used to interpret the remaining 230 

grains of G. To build the SVM model, a hyper-plane  231 

 〈𝑤, 𝑥〉 + 𝑏 = 0 (7) 

is defined to separate the RT1 (valued by +1) and RT2 (valued by -1) maximally, where 𝑤 ∈ 𝑅- 232 

is the normal vector of the hyper-plane, and b is the bias. Then the expected parameters w and b 233 

can be obtained by optimizing the following problem: 234 

 
𝑚𝑖𝑛 '

)
‖𝑤‖) + 𝐶∑ 𝜉,,  , s.t.:  𝑦,(𝑤 ∙ 𝑥, + 𝑏) ≥ 1 − 𝜉, ,			∀𝑥, 

𝜉, ≥ 0, 𝑖 = 1,2, … , 𝑛. 
(8) 

where the penalty variable C is used to balance the importance of training error and classifier 235 

complexity and 𝜉, = 𝑚𝑎𝑥V0, 1 − 𝑦,(𝑤 ∙ 𝑥, + 𝑏)W is a slack variable that controls the degree of the 236 

deviation of the target specimen from the constrains. 𝑛.  is the number of training grains. The 237 

weight vector w of Eq. (8) can be calculated by applying Lagrangian algorithm as: 238 

 𝑤 =$𝛼/𝑦/𝑡/

"!

/0'

 (9) 

where 𝛼, are Lagrange multipliers, 𝑡/, and 𝑦/ are feature vector and its corresponding label of the 239 

pth grains in the training dataset. Then b can be calculated by 𝑏 = 𝑦1 − ∑𝛼/𝑦/V𝑥/ · 𝑥1W
/0'

"!
 where xs 240 

is a randomly selected support vector whose Lagrange multiplier satisfying 𝛼1 > 0 within the 241 

training dataset T, and ys is the label of xs. Then a classification function	𝑓 = V∑ 𝛼/𝑦/𝑡/𝑥,
"!
/0' W +242 

𝑏   can be used to classify any unknown grain with a feature vector xi. If f is larger than 0, then the 243 

grain is defined as RT1; otherwise, it is defined as RT2. 244 

The procedures discussed above is only suitable when the data is linearly separable. In practical， 245 

most cases, however are the nonlinear problems (Yu et al., 2012). Therefore various kernel 246 

functions are applied to project the data into a higher-dimensional space in which data can be 247 

classified linearly (Dioşan et al., 2012; Zuo and Carranza, 2011). One of the most popular used 248 

kernels, Gaussian kernel is applied in this paper:  249 

 𝐾V𝑥, , 𝑡/	W = exp	(−_𝑥, − 𝑡/_
)/𝜎)) (10) 

where σ denotes the bandwidth of the Gaussian kernel. Then other grains which are not selected 250 

as the training data can be classified by following classification function as: 251 
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 𝑓 =$ 𝛼/𝑦/𝐾V𝑥, , 𝑡/W + 𝑏
"!

/0'
 (11) 

 252 

To deal with the multi-class problem, two strategies are applied commonly, including the one-253 

versus-all (OVA) and one-versus-one (OVO) (Jenssen et al., 2012; Wang et al., 2011). An OVA 254 

approach is used in this study. In the OVA strategy, an n-class MSVM problem will be 255 

decomposed to n conventional SVM problem. For example, in a 3-classes system consists of 256 

classes A, B and C, 3 SVM models are required to be established. All samples labeled as A in the 257 

training dataset will be assigned as +1 (yi=+1), and other grains will be assigned to -1 (yi=-1). 258 

Then this SVM is trained and denoted by model 1. Similarly, the SVM model corresponding to 259 

class B and class C are also trained and denoted as model 2 and model 3, respectively. Finally, 260 

three models are combined to deal with multi-class issues. To any unknown grain, its feature vector 261 

is firstly imported into 3 SVM models to calculate the probability of each rock type it belongs to. 262 

Then the rock type corresponds to the highest probability is selected as the final output of the 263 

classification.  264 

  
Fig. 4. Two slices extracted from the image after SVM classification where yellow denotes RT1, green 

denotes RT2 and black denotes pore space. 

 265 
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2.4 Pore space classification  266 

Fig. 4 shows the result of the rock typing using SVM based on grain features, where the solid 267 

phase has been divided into two rock types. In this section, two problems need to be solved, 268 

including 1) some incorrectly estimated grains have to be revised and 2) the pore space needs to 269 

be segmented into proper rock types. The correction of the misestimated grains is addressed via a 270 

simple strategy that is if a grain whose rock type is different from all its neighbor grains, the rock 271 

type of this grain is changed to be the same as the neighbor grain who has a largest contact surface 272 

with it. Different from the classification of grains in which the identity of the grain is estimated 273 

together, the estimation of the pore space is carried out voxel by voxel depending on the shortest 274 

distance from the target voxel to each estimated rock types (see Fig. 5). For example, the closest 275 

solid voxels from a pore voxel belong to RT1, and then the target pore voxel is also estimated as 276 

RT1. From Fig. 5, we can see that the proposed method successfully divides the demonstration 277 

heterogeneous sample into two rock types that coincide with the natural boundary visually. Fig. 6 278 

illustrates the workflow of the image-based rock typing using grain geometry features. 279 

 
Fig. 5 Demonstration of the pore space classification in a 2D slice, (a) is a slice extracted from the image 
after grain classification (yellow is RT1, green is RT2, black is pore space and red line is the potential 
boundary between RT1 and RT2 where all pore space voxels located at the right part of the red line are 
close to RT1 and others close to RT2); (b) is the result of the pore space classification. 

 280 
 281 

(a) (b)
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Fig. 6 Flow diagram of image-based rock typing using grain geometry features. 

 282 

3. Results and Discussions 283 

In this section, three more images, including one 3D image of a synthetic sample, denoted by S2, 284 

and two 2D images of natural rock samples, denoted by S3 and S4, are processed to further 285 

demonstrate the performance of the proposed rock typing method. In addition, all images (S1, S2, 286 

S3 and S4) are also processed by conventional pixel-based texture classification method. The 287 

conventional texture classification of demonstrated images of this study are processed by ilastik 288 

which is an excellent open source software for image processing to validate the proposed method. 289 

The ilastik provides three categorizes of image features, including noise filters (e.g., Gaussian blur 290 

2D/3D images of porous structures

Training data are organized by
randomly selecting a certain
number of grains whose labels
are identified manually.

Feature vectors 
of all grains

Classification model

Grain partitioning

Grain features’ 
extraction

Images with partitioned grains

Training model 
using SVM

Classified grains

Pore space classification

Post processing by removing small noisy 
objects
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(Misra and Wu, 2020)), edge detector (e.g., Laplacian of Gaussian (Sotak and Boyer, 1989), 291 

Gaussian Gradient Magnitude (Acton, 2009) and Difference of Gaussian (Young, 1987)) and 292 

texture detectors (e.g., Structure Tensor Eigenvalues (Sertcelik and Kafadar, 2012) and Hessian of 293 

Gaussian Eigenvalues (Arganda-Carreras et al., 2017; Sommer et al., 2011)). The classification of 294 

ilastik is carried out by random forest classifier introduced in (Breiman, 2001). More details about 295 

ilastik refer to (Berg et al., 2019; Sommer et al., 2011).  296 

We estimate the performance of the proposed method based on two aspects, visual sensitivity, and 297 

quantitative assessment by calculating the Hamming distance, dst (see Eq. (12)) between the 298 

processed image (S) with the reference image (R). Note that only synthetic images have 299 

corresponding reference images, thus the Hamming distance is applied to estimate the preference 300 

of rock typing of the images S1 and S2. The Hamming distance here measures the fraction of the 301 

nonidentical voxels between two images which are given by (Moura et al., 2017):   302 

 𝑑1. = c#V𝑆,*2 ≠ 𝑅,*2Wf /𝑛 (12) 

where Sijk and Rijk are the pixels that is located at voxel ijk of images S and R, respectively. 303 

#V𝑆,*2 ≠ 𝑅,*2W is the number of nonidentical voxels in S and R (Wang et al., 2018a).  304 

The results of the rock typing of image S1 using the proposed grain-based method and pixel-based 305 

method are illustrated in Fig. 7(a) and Fig. 7(b) respectively. Fig. 7(c) and Fig. 7(d) are two images 306 

present the distribution of misclassification areas of the image Fig. 7(a) and Fig. 7(b). We can see 307 

that the pixel-based method leads to more misclassification than that of proposed grain-based 308 

method. This is because the identification of the rock type of a given pixel using pixel-based 309 

method is based on a set of features extracted from a neigbourhood centred by the target pixel with 310 

a given window size. Therefore, it is challenging for pixel-based rock typing method to identify 311 

the class of the pixels located near the boundaries of different rock types. The Hamming distance 312 

between the reference image and the images of S1 using proposed grain-based and pixel-based rock 313 

typing methods is 0.0232 and 0.1276, respectively. 314 

 315 
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Fig. 7 Demonstration of the rock typing of a slice of sample S1, (a) is the output of the proposed grain-
based rock typing method, (b) is the output of rock typing using pixel-based rock typing method, (c) and 
(d) are distribution of the misclassification area corresponding to (a) and (b) respectively. 

Besides the heterogeneous sample S1 (see Fig. 1), another 600´600´600 voxels synthetic 316 

heterogeneous sample S2 with three layers is also processed (see Fig. 8). Heterogeneous samples 317 

with layered features occur universally in the reservoir samples with beddings. Two rock type 318 

boundaries presented in this sample are generated randomly according to two Gaussian distribution 319 

with a standard variance of 𝜎  (𝜎  =5voxels) and expectation of 𝜇'  (𝜇' =200voxels) and 𝜇) 320 

(𝜇)=200voxels) respectively. Different from the previous demonstration sample, this rock sample 321 

contains three rock types (see Fig. 8(a) and (b)) but also presents an excellent performance using 322 

(a) (b) 

(c) (d) 
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proposed grain-based rock typing method (see Fig. 8(f)). Comparing Fig. 8 (f) and (g), we can see 323 

that the pixel-based rock typing method present more misclassification areas than that of proposed 324 

grain-based rock typing method. The Hamming distance between the reference image and the 325 

images of S2 using proposed grain-based and pixel-based rock typing methods is 0.0308 and 326 

0.1034, respectively. 327 

 328 

   

   

   
Fig. 8 Rock typing of a layered sample with three layers, (a) is the target heterogeneous sample under 
3D view; (b) is a 2D section extracted from (a) at x=300; (c) is the result of grain partition; (d) is the 
result of grain classification; (e) is the result of the modification of the incorrectly estimated grains; (f) 
is the final result of the proposed grain-based rock typing method; (g) is the result of the rock typing 
using pixel-based rock typing method; (h) and (i) are distribution of misclassification area corresponding 
to (f) and (g) respectively. 

z

x
y

(a) (b) (c) 

(d) (e) (f) 

(g) (h) (i) 
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 329 

The performance of the proposed grain-based rock typing method highly depends on the whether 330 

the grains can be correctly classified in to different rock types according their geometry features. 331 

Therefore, we use confused matrix (Powers, 2008) to evaluate the classification performance. 332 

Form table. 1, we can see that there are 2726 RT1 grains in sample S1 are correctly identified while 333 

other 209 RT1 grains are misclassified as RT2. There are 14766 RT2 grains are successfully 334 

classified but other 955 RT2 grains are misclassified as RT1. Then we can obtain the F1-score 335 

(Hand and Christen, 2018) of RT1 and RT2 of the grain classification of image S1 is 0.82 and 0.962 336 

respectively. The grain classification performance of S2 is presented in Table. 2 and the F1-score 337 

of RT1, RT2 and RT3 of this classification is 0.82, 0.97 and 0.67, respectively. 338 
Table. 1 Confusion matrix of the grain classification of sample S1. 339 

  Predicted rock type RT1 RT2 Actual rock type   
RT1 2726 209 
RT2 955 14766 

Table. 2 Confusion matrix of the grain classification of sample S2. 340 
 Predicted rock type 

RT1 RT2 RT3 Actual rock type   
RT1 1768 103 249 
RT2 231 11403 376 
RT3 203 82 937 

Besides two synthetic images (S1 and S2), another two images, S3 and S4, of natural rock structures 341 

are tested. The rock sample S3 is a SEM image of a clean sandstone contains cataclastic fault gouge 342 

(see Fig. 9). Grain crushing along discrete shear faults result in significant reductions of grains size 343 

within the fault zoon (Fulljames et al., 1997). From Fig. 9(e) and (f), we can see that the proposed 344 

grain-based rock typing method present a better performance to identify the boundary of rock types 345 

than that of pixel-based rock typing method. This is main because the features that pixel-based 346 

rock typing method applied can be treated as outputs of a set of low-pass filters which further leads 347 

to the ambiguousness of the boundary identification.   348 

 349 
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Fig. 9 Rock typing of the heterogeneous sandstone S3. (a) is a SEM image of the sample; (b) is the 
segmented image of (a) where black is pore and white is grain; (c) is the result of grain partition; (d) is 
the result of the grain classification; (e) is the result of the rock typing of proposed grain-based rock 
typing method; (f) is the result of the rock typing using pixel-based rock typing method. 

 350 
Image S4 is a SEM image of a heterogeneous sandstone with tight interlayers characterized by 351 

relatively small grain size (Farrell and Healy, 2017). From Fig. 10, we can obtain a similar 352 

conclusion from the rock typing of image S3 that the proposed grain-based rock typing method 353 

present a better performance to identify the boundary of rock types than that of pixel-based rock 354 

typing method.  355 

 356 

(a) (b) 

(c) (d) 

(e) (f) 
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Fig. 10 Rock typing of the image of a real heterogeneous sandstone S4. (a) is a SEM image of the sample; 
(b) is the segmented image of (a) where black is pore and white is grain; (c) is the result of grain partition; 
(d) is the result of the grain classification; (e) is the result of the rock typing using the proposed method 
and (f) is the result of the rock typing using pixel-based rock typing method. 

The rock typing of two 600x600x600 voxels synthetic 3D images (S1 and S2) takes 35 minutes and 357 

42minutes respectively using the proposed grain-based rock typing method based on a single 3GHz 358 

Intel Core i5. The process of two 2D images (S3 and S4) takes 34 seconds and 42 seconds 359 

respectively. Compared to conventional texture classification method, the proposed method takes 360 

a relative longer running time. This is because the grain partition of the image is difficult to be 361 

realized using parallel computing. In conventional classification method, the feature extraction can 362 

be realized effectively by convolving the target image with a set of filters, while this is impractical 363 

in the extraction of grain geometry features.     364 

 365 

4. Conclusion 366 

In this paper, an image-based rock typing method is proposed, which using grain geometry features 367 

to classify the heterogeneous sample into various rock types. Because the rock typing is carried 368 

(a) (b) (c) 

(d) (e) (f) 
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out based on the geometry features of the grains rather than local structure features, the proposed 369 

method successfully avoids the identity ambiguous of the voxels near the boundary of different 370 

rock types. This method also has its limitation that it is only suitable for the rock samples in which 371 

grains can be partitioned and distinguishable.  372 

Computer code availability 373 

All source codes related to this article can be found at https://github.com/yuzhu561/digitalgeo.git, an 374 
open-source online data repository hosted at GitHub. 375 
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