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Highlights: 
1. LHF is used to increase the structure contrast between different rock types;  
2. Average filtering decreases the structure contrast within each rock type; 
3. Chan-Vese model segments the heterogeneous rock sample into different rock types. 

 

Abstract 
Image-based rock typing is carried out to classify an image of the heterogeneous rock sample into 

different rock types where each rock type can be treated as a homogeneous porous media. In this 

study, we propose an innovative method for rock typing of the heterogeneous rock sample via 

three steps. First, the target image, a segmented binary image with two phases of pore and solid, 

is consecutively inputted into two filters of a local homogeneity filter and an average filter to 

increase the contrast between different rock types and decrease the contrast within each single rock 

type. Second, Chan-Vese model is applied to classify the filtered image into different rock types. 

Third, a thresholding is used to remove the particles, which are treated as noisy particles, smaller 

than a given preset size.  The main idea of the local homogeneity filtering introduced in this study 

is undertaken by counting the number of pixels that possess the same phases as the center pixel 

within a 3´3pixels neighborhood. This process is carried out iteratively, which means the 

previously estimated pixel will be used in the estimation of its neighbor unprocessed pixels. We 

demonstrate the application of the proposed method in several heterogeneous images and present 

good performance.  

 
1 Yuzhu Wang implemented this study and write the manuscript; Abdulaziz Azzaben improved the performance of 
the image filtering; Christoph H. Arns established the synthetic rock samples; Shuyu Sun supervised the study and 
revised the manuscript. 
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1. Introduction 
Rock typing is the primary approach to understand the heterogeneity of the reservoir which can be  

carried out at various scales from field scale to core scale based on seismic sections (Xu et al., 

1992), well logs (Pirrone et al., 2016; Skalinski et al., 2010) and laboratory measured data (Gomes 

et al., 2008; Lis-Śledziona, 2019; Puskarczyk et al., 2018; Zhang et al., 2018; Zhu et al., 2018). 

Nowadays, the widespread application of a variety of imaging devices such as micro X-ray 

computed tomography (µ-CT) and scanning electron microscopy (SEM) provides a new way to 

characterize the heterogeneity of reservoir at the microscale (Ketcham and Carlson, 2001; Wang 

et al., 2018b; Wang et al., 2018d) namely image-based rock typing analysis. To characterize the 

multiscale structures occurred in the heterogenous rock sample, the pore network stitching method 

was proposed where a stochastic network was generated based on the geometry and topological 

features obtained from two pore networks extracted from a high-resolution and a low-resolution 

µ-CT image (Jiang et al., 2013; Roth et al., 2012). Then this method was improved by paying more 

attention to the location of microporosity (Mehmani and Prodanović, 2014; Prodanović et al., 2015) 

T. Bultreys et al., developed a novel micro-computed-tomography (micro-CT) based dual pore 

network model (DPNM), which takes microporosity into account in an upscaled fashion using 

symbolic network elements called micro-links, while treating the macroporosity as a traditional 

pore network model.  (Bultreys et al., 2015). Pore-network stitching method is universally applied 

in pore-to-core upscaling(Dernaika et al., 2017; Kohanpur and Valocchi, 2020). 

Image-based rock typing is widely applied to distinguish different 2D sections collected from 

different reservoir zone (Jobe et al., 2018) or to divide the carbonate samples into different types 

including matrix, fractured and vuggy samples based on µ-CT images (Li et al., 2017). Along with 

the development of the numerical flow simulation at the pore-scale, classifying different rock types 

in a single image becomes a critical step due to the different rock types always corresponding to 

different flow regimes (Wang et al., 2018a; Wang et al., 2018c; Yuan et al., 2017). The image-

based rock typing studied in this paper focus on single image classification which can be treated 

as a texture classification problem widely discussed in many fields from biomedical image 

processing to the segmentation of satellite or aerial imagery (Cavalin and Oliveira, 2017; Lashari 

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

Dikshit, 1998; Zhang et al., 2017). In general, texture classification can be divided into two steps 
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of feature extraction and classification (Armi and Fekri Ershad, 2019; Jardine et al., 2018). Ismail 

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

Allard, 2013) consists of volume, surface, mean curvature and total curvature to define fine-scale 

rock types. Then a multivariate Gaussian mixture model (MGMM) is applied for classification. 

This work is then improved by introducing fast Fourier transform (FFT) to reduce the computation 

when large size of the measurement element is used and shows high accuracy to detect the internal 

boundaries of the spatially heterogeneous samples(Jiang and Arns, 2020). The rock typing based 

on regional morphological measurements unavoidably contains a limitation that it is difficult to 

identify the rock type of the pixels located near the boundary areas among different rock types. 

Therefore, Chan-Vese model is applied in this study for the segmentation of the rock types because 

it is not sensitive to the gradients of the target object.  

Chan-Vese model is a popularly used active contours algorithm to detect the objects whose 

boundaries are not necessarily defined by the gradient (Chan and Vese, 2001). The basic idea of 

the active contour is to evolve a curve, under some constraints, from an arbitrary given initial shape 

to the desired boundary of the object. In classical active contour models, gradient information is 

used to stop the evolving curve to the desired location (Caselles et al., 1993; Caselles et al., 1997; 

Kass et al., 1988). In many cases, however, the object boundary is blurry, which leads to the 

incorrect converge of the evolving curve. Chan-Vese model is carried out by minimizing an energy 

function which avoids using edges information (Peng et al., 2009). 

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

heterogeneous rock sample is applied to demonstrate the procedures of the proposed rock typing 

algorithm. In Sect. 3, other heterogeneous samples are processed by the proposed rock typing 

method and be validated by visual sensitivity and the Hamming distance between the processed 

image with the original reference image. Finally, the conclusions are given in Sect. 4.  

2. Methodology 

The proposed rock typing method is carried out via two steps, including image filtering and active 

contours segmentation. In this paper, a 1026´1026pixels 2D binary image denoted by T is applied 

to illustrate the procedures of the proposed approach. Image T is a synthetic image consists of two 

rock types, RT1 and RT2, generated via two steps. First, the image domain is partitioned into two 

phases at a coarse scale using stationary Gaussian Random Field (GRF) (see Fig.1 [a]). Then, each 



 4 

of these phases is further reconstructed to fine-scale porous media by a Boolean particle process 

of fully interpenetrating grains (Arns et al., 2003). The two particle processes place spheres of 

radius r = 12voxels in phase one of the GRF, and randomly oriented oblate spheroids with half 

axes a = b = 24 and c = 3voxels in phase two (Ismail, 2014) (see Fig. 1[b]). In this study, the 

terminology ‘coarse-scale structure’ is used to denote the spatial distribution of the rock types like 

Fig. 1[a] presented in which each pixel presents the rock type it belongs to. We use terminology 

‘fine-scale structure’ to denote the spatial distribution of the pore and solid phase like Fig. 1[b] 

presented in which each pixel is labeled as pore or solid. 

  
Fig. 1. A 2D synthetic heterogeneous sample with two rock types, [a] presents the spatial distribution of 
two rock types where black is RT1 and white is RT2; [b] is the synthetic heterogeneous sample derived 
from [a] by filling two porous media with different morphological structures. 

 

2.1 Image filtering 
Image filtering is carried out to extract some particular information contained in the target image 

we are interested in. In this study, a local homogeneity filter (LHF) and an average filter are 

successively applied to process the image. The LHF is used to enhance the contrast between 

different rock types, while the average filter is used to decrease the difference within each rock 

type. 

LHF is a non-linear filter that is applied to extract the heterogeneity information of the target image. 

We use demonstration image T, which has two phases of 0 and 1, as an example to illustrate the 

procedure of local homogeneity filtering (see Fig. 2). For convenience, the location of a pixel is 

[a] [b] 
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noted by p(x, y) where x, y correspond to its row and column index, respectively. The left-top 

corner pixel of T is defined as p(0, 0). The filtering starts from p(0,0), the number of the pixels 

which has the same phase as the center p(0,0) within a 3´3 pixels neighborhood is counted and 

noted as c. Because the p(0,0) located at the boundary of the target image, its neighborhood is 

defined as the red box in Fig. 2[b]. Then the value of p(1,1) is valued as 0 if c>4, otherwise, is 

valued as any other number except 0 and 1. Note that the original image T just has two phases of 

0 and 1. Once a pixel is labelled as 2, it will be neglected when we process the its neighbor pixels. 

If a pixel is labelled as 0, it will impact the process of its neighbor pixels. For example, the phase 

of p(1,1) is 1 in Fig. 2[g], and there are 3 pixels within a neighborhood of 3´3 pixels size (the red 

box presented in Fig. 2[h]) have 1 phase. Thus the value of the p(1,1) is changed to be 2 (see Fig. 

2[h]). Then the same process is carried out for the next pixel p(1,2). This procedure is carried out 

until the entire image T is estimated. Tow items need to be emphasized here. First, the output value 

of a pixel doesn’t depend on its pixel value in T but depends on the number of pixels within its 

3´3 pixels size neighborhood have the same phase with it; secondly, this process is carried out 

iteratively which means the estimated pixels are used directly in the estimation of its following 

neighbor pixels (see Fig. 2). The output of the local homogeneity filtering is denoted by TL. 
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Fig. 2. The demonstration of the procedure of the local homogeneity filtering, the red box presents the 
selected neighborhood of the target pixel. 

 
The local homogeneity filtering is followed by an average filtering. Average filtering is carried out 

by replacing the value of each pixel of an image by the mean value of its neighborhood with a 

given size. This process is usually implemented by convolving the target image with a kernel which 

represents the size and the shape of the neighborhood to be considered for calculating the mean 

value. Based on the image TL, a 30´30pixels size kernel is applied for average filtering, and the 

output image is denoted by TLA. 

Figure 3 illustrates the TL (see Fig. 3[a]) and TLA (see Fig. 3[a]). It is obvious that the application 

of LHF significantly enhances the structural contrast between RT1 and RT2 compare to that of the 

original target image T (see Fig. 1[b]). As our experience, it is difficult to guarantee the evolution 

curve finally converges on the expected edge between RT1 and RT2 using a Chan-Vese model 

01 010

1

0

00

1 1 1

1 1

0

10

0 1 1

0 0 100

Original image i=1, target pixel is (0, 0) i=2, target pixel is (0, 1) i=3, target pixel is (0, 2)

i=4, target pixel is (0, 3)i=5, target pixel is (0, 4)i=7, target pixel is (1, 1)

Final output

[a] [b] [c] [d]

[l]

[g] [f] [e]

01 012

1

0

00

1 1 1

1 1

0

10

0 1 1

0 0 100

01 002

1

0

00

1 1 1

1 1

0

10

0 1 1

0 0 100

02 002

1

0

00

1 1 1

1 1

0

10

0 1 1

0 0 100

02 202

1

0

00

1 1 1

1 1

0

10

0 1 1

0 0 100

22 202

1

0

00

1 1 1

1 1

0

10

0 1 1

0 0 100

22 202

2

0

00

1 1 1

1 1

0

10

0 1 1

0 0 100

22 202

2

2

20

2 2 2

2 2

0

22

2 2 2

2 2 222

…

22 202

2

0

00

2 1 1

1 1

0

10

0 1 1

0 0 100

22 202

2

0

00

2 2 1

1 1

0

10

0 1 1

0 0 100

22 202

2

0

00

2 2 2

1 1

0

10

0 1 1

0 0 100

22 202

2

0

00

2 2 2

1 1

2

10

0 1 1

0 0 100

i=6, target pixel is (1, 0)

i=8, target pixel is (1, 2) i=10, target pixel is (1, 4)

[h]

[i] [k]

i=9, target pixel is (1, 4)
[j]



 7 

based on LHF processed image. Thus, average filtering is carried out to reduce the structure 

contrast within each rock type (see Fig. 3[b]). 

  
Fig. 3. The output of the LHF [a] and Average filtering with a window of 30x30 pixels size [b].  

 

2.2 Chan-Vese rock typing 
As mentioned before, the basic idea of the active contour model is to evolve a curve to detect the 

target objects in a given image subject to some constraints (Chan and Vese, 2001). The Chan-Vese 

model is carried out by minimizing an energy function defined as: 

 

𝐹(𝑐!, 𝑐", 𝐶) = 𝜇 · 𝐿𝑒𝑛𝑔𝑡ℎ(𝐶) + 𝜆!2 |𝑢#(𝑥, 𝑦) − 𝑐!|"𝑑𝑥𝑑𝑦
$!

+ 𝜆"2 |𝑢#(𝑥, 𝑦) − 𝑐"|"𝑑𝑥𝑑𝑦
$"

 
(1) 

where C is a contour that divides the image domain, Ω into two regions consists of  Ω! and Ω".	 

(Ω" = Ω/Ω!). Ω! is the objective region (inside C), and Ω" is the background region (outside C). 

𝜇 ≥ 0 , 𝜆! ≥ 0  , and 𝜆" ≥ 0  are fixed parameters. In this paper, 𝜆! = 𝜆" = 1 . 𝑢#(𝑥, 𝑦)  is the 

intensity value of the pixel located at (x,y). c1 and c2 are the average image intensity inside and 

outside contour C, respectively. 

The problem described by Eq. (1) can be formulated and addressed by the level set method (Osher 

and Sethian, 1988) via defining a level set function 𝜙(𝑥, 𝑦). The key idea of the level set function 

is to implicitly represent a contour interface as the zero level set of a higher dimensional function, 

namely the level set function, and formulate the evolution of the contour through the evolution of 

the level set function (Estellers et al., 2012). The contour C is considered to be the zero level set 

[a] [b] 
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of the level set function 𝜙(𝑥, 𝑦)  where 𝐶 = {(𝑥, 𝑦): 𝜙(𝑥, 𝑦) = 0} . Due to the optimized 

segmentation is obtained by the evolution of the contour C, the level set function is then modified 

as 𝜙(𝑡, 𝑥, 𝑦) by introducing another variable time t. Usually, 𝜙(𝑡, 𝑥, 𝑦) is defined as the singed 

minimum Euclidean distances from every point (x,y) to the boundary C where 𝜙 > 0 if the point 

(x,y) belongs to Ω!and 𝜙 < 0 if the point (x,y) belongs to Ω". At moment t, Eq. (1) can be rewritten 

as: 

 

𝐹%(𝑐!, 𝑐", 𝜙) = 𝜇 · 2𝛿%G𝜙(𝑡, 𝑥, 𝑦)H|∇𝜙(𝑡, 𝑥, 𝑦)|𝑑𝑥𝑑𝑦
$

++𝜆!2|𝑢#(𝑥, 𝑦) − 𝑐!|"𝐻%G𝜙(𝑡, 𝑥, 𝑦)H𝑑𝑥𝑑𝑦
$

+ 𝜆"2 |𝑢#(𝑥, 𝑦) − 𝑐"|" K1 − 𝐻%G𝜙(𝑡, 𝑥, 𝑦)HL 𝑑𝑥𝑑𝑦
$

 

(2) 

where 𝐻%(𝑧) is the smooth approximation of the Heaviside function given by: 

 𝐻%(𝑧) =
1
2 O1 +

1
𝜋 𝑎𝑟𝑐𝑡𝑎𝑛(

𝑧
𝜀)T 

 

and 𝛿%(𝑧) is the derivative of the 𝐻%(𝑧) 

 𝛿%(𝑧) = 𝐻%&(𝑧) =
𝜀

𝜋(𝜀" + 𝑧") 
 

In Eq. (2), keeping c1 and c2 fixed, and minimizing 𝐹% concerning 𝜙, the Euler-Lagrange equation 

for 𝜙 is given by 

 

𝜕𝜙
𝜕𝑡 = 𝛿%(𝜙) O𝜇 · 𝑑𝑖𝑣 X

∇𝜙
|∇𝜙|Y − 𝜆!

(𝑢# − 𝑐!)"

+ 𝜆"(𝑢# − 𝑐")"T = 0 

𝜙(0, 𝑥, 𝑦) = 𝜙#(𝑥, 𝑦)	𝑖𝑛	𝛺 

𝛿%(𝜙)
|∇𝜙|

𝜕𝜙

𝜕𝑛
⇀ = 0	𝑜𝑛	𝜕𝛺 

(3) 

where 𝑛
⇀

 is the exterior normal vector of the boundary 𝜕𝛺, and ()
(*
⇀ denotes the normal derivative of 

𝜙 at the boundary. 

In order to discretize the equation in 𝜙, we use 𝜙+,-*  to present the value of the pixel (x,y) of the 

level set function at the moment n. A finite differences implicit scheme is applied  

 𝛥./𝜙+,- = 𝜙+,- − 𝜙+.!,-   Δ0/𝜙+,- = 𝜙+0!,- − 𝜙+,- (4) 
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𝛥.1𝜙+,- = 𝜙+,- − 𝜙+,-.!    𝛥0
1𝜙+,- = 𝜙+,-0! − 𝜙+,- 

Then the evolution formula of the level set function is given by 

 

𝜙+,-*0! − 𝜙+,-*

𝛥𝑡 = 𝛿2G𝜙+,-* H

⎣
⎢
⎢
⎢
⎢
⎡

𝜇
ℎ" 𝛥.

/

·

⎝

⎜
⎜
⎛ 𝛥0/𝜙+,-*0!

dG𝛥0
/𝜙+,-* H

"

ℎ"
e +

G𝜙+,-0!* − 𝜙+,-.!* H"

(2ℎ)"
e

⎠

⎟
⎟
⎞
+
𝜇
ℎ" 𝛥.

1

·

⎝

⎜
⎜
⎛ 𝛥0

1𝜙+,-*0!

dG𝛥0
1𝜙+,-* H

"

ℎ"
e +

G𝜙+0!,-* − 𝜙+.!,-* H"

(2ℎ)"
e

⎠

⎟
⎟
⎞

− 𝜆!G𝑢# − 𝑐!(𝜙*)H
" + 𝜆"G𝑢# − 𝑐"(𝜙*)H

"

⎦
⎥
⎥
⎥
⎥
⎤

 

(5) 

An iterative strategy is applied to solve this linear system. During the curve evolution, the level 

set function 𝜙 is reinitialized every five steps to prevent the function 𝜙 to become too flat. More 

details refer to (Lu et al., 2009; Sussman et al., 1994). 

Figure 4[a] illustrates the output image of image T using Chan-Vese model. Some small objects 

are misjudged in the segmentation. In both RT1 and RT2 contains some small particles belong to 

their opposite phase. An expected but challenging method to address this issue is to improve the 

filtering process to reduce the image noise or to enhance the ability to ignore the small particles of 

the Chan-Vese model. Another approach to remove these noisy particles is to increase the 

parameter 𝜇 in the Eq. (1) when we prefer to detect the larger objects. However, it is not easy to 

assess what 𝜇 should be selected if we need to remove a given size of object. In practice, however, 

a promising approach is to set a threshold size of the noisy objects to remove it from the classified 
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image. Besides, the threshold is feasible to be assessed before rock typing.  In this study, an area 

threshold of 1000pixels is set for image T to modify the final segmentation. We can see that the 

thresholding strategy removed most of the noisy objects but still remains some misjudged objects 

(see Fig. 4[b]).  

  
Fig. 4. Results of the Chan-Vese segmentation with parameters of µ=0.05, 𝜆! = 𝜆" = 1 [a] and a post-
process of denoising by removing small objects less than 1000 pixels [b].  

3. Results 

Local homogeneity filtering and average filtering are two main steps of the preprocessing of the 

proposed rock typing method. Local homogeneity filtering is carried out iteratively and the 

previously processed pixel will affect the estimation of its neighbor unprocessed pixels. Therefore, 

it is necessary to analyze the effect of the filtering direction on the final output of rock typing. Fig. 

5 illustrates the LHF filtered images and their corresponding classification using Chan-Vese model. 

From Fig. 5, we can see that the start points and directions of filtering has neglectable effect on 

the subsequent rock typing. Beside to assessment of the visual sensitivity discussed before, the 

Hamming distance between the processed image with their corresponding reference image is also 

calculated to quantitatively evaluate the proposed method.  Hamming distance is a similarity 

measurement which is defined as the ratio of the number of unidentical pixels between the 

processed image and its reference image and the total number of pixels in the reference image 

(Wang et al., 2018a). Hamming distance is 0 means two images are completely identical to each 

other. We use Fig. 5[a] as reference image to compare the difference among Fig. 5[a] to [d] and 

obtained that the Hamming distance between image Fig. 5[b], [c], and [d] to Fig. 5[a] are 0.057, 

[a] [b] 
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0.055, and 0.013, respectively. We use the Fig. 1[a] as reference image to calculate the Hamming 

distance between Fig. 5[a] to [h], and the calculated Hamming distance are 0.0078, 0.0079, 0.0078, 

0.0078.  

    

    
Fig. 5 The illustration of the effect of filtering direction on the accuracy of the rock typing, [a] to [d] 
present the output of local homogeneity filtering start from different corners and along different 
directions (yellow arrows present the scanning directions), [e] to [h] are the results of Chan-Vese 
segmentation corresponding to [e] to [h], respectively. 

In addition, the effect of the window size of the average filter on the rock typing is analyzed. Fig. 

6 presents the outputs of the average filtering and their corresponding rock typing results with a 

window size changing from 20 to 70 pixels. From Fig. 6, we can see that the larger the window 

size we applied, a small number of noisy particles are generated. Besides, an increasing window 

size of the average filter leads to the smoother objects’ boundaries. We compare the reference rock 

type image (see Fig. 1[a]) with our processed images by calculating their Hamming distance. The 

calculated Hamming distance between the reference image with the processed images (see Fig. 6) 

are 0.0082, 0.0078, 0.0056, 0.0054, 0.0062, and 0.0064. Note that these Hamming distances are 

calculated before the thresholding of the small particles. After the removement of small noisy 

particles using an area threshold of 1000 pixels, the calculated Hamming distance between the 

reference image with the processed images are 0.0035, 0.0034, 0.0034, 0.0033, 0.0034, and 0.0035. 

The thresholding strategy is easy to be implemented but presented a good performance in 

removement of the noisy particles. Because of the application of the thresholding denoising, the 

window size of the average filter dose not has obvious effect on the accuracy of the subsequent 

rock typing.   

[a] [b] [c] [d] 

[e] [f] [g] [h] 
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Fig. 6 The illustration of the effect of average filter’s size on the accuracy of the rock typing, [a], [c], [e], 
[g], [i], and [k] are the output of the average filtering using a widow size of 20, 30, 40, 50, 60, and 70 
pixels, respectively, [b], [d], [f], [h], [j], and [l] are their corresponding results of the Chan-Vese 
segmentation. 

 

 

To furtherly validate the proposed method, three more synthetic heterogeneous samples denoted 

by A, B, and C (see Fig. 7[a1], [b1] and [c1]) are processed by proposed method. In Fig. 7, from 

the top row to the bottom row, the initial binary image, LHF processed image, average filtered 

image, Chan-Vese segmented images, and post-processed images are presented. From the first 

column to the third column of Fig. 7, the process of images A, B, and C are presented, respectively. 

Image A has the same coarse-scale structure with that of the demonstrated image T (see Fig. 1[a]), 

but filled with different fine-scale porous structures. The contrast of the porous structures of two 

rock types of the image A (see Fig. 7[a1]) is much smaller than that of image T (see Fig. 1[b]), 

which leads to the rock typing of image A is more difficult than that of image T.   

[a] [b] [c] [d] 

[e] [f] [g] [h] 

[i] [j] [k] [l] 
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From Table 1, we can see that the accuracy of the rock typing of image A is less than that of image 

T. This is because the structural contrast between RT1 and RT2 of image A is smaller than that of 

image T. Except to the influence of rock type contrast, the geometry of the boundaries of different 

Rock types also have an effect on the performance of the rock typing process. Compared to image 

A, Image B and C have simpler edge shapes between two rock types, which lead to higher 

segmentation accuracy. 

 

   

   

   

[a1] [b1] [c1] 

[a2] [b2] [C2] 

[a3] [b3] [c3] 



 14 

   

   
Fig. 7. The illustration of the rock typing of three heterogeneous samples using proposed method where 
red curves present the boundaries between different rock types of reference images. 

In addition, an 800✕400✕400 voxels image of a sandstone sample, denoted by D, extracted from 
Chang 6 formation, Ordos basin, China is applied to demonstrate the application of our proposed 
method in 3D image. This sample is collected from a formation with a fluvial phase in which 
multi-stage channel sand stacked with each other. The image D presents two types of porous media 
where the upper part is characterized by larger pore-throat size than that of the lower part. Fig. 8 
illustrates the rock typing of the 3D image of the sandstone sample D. From Fig. 6, we can see that 
the proposed method can separate the target image into two rock types effectively. More details 
please see Table 1. Currently, our proposed rock typing presents a good performance in two-phase 
rock typing, but still not robust in rock typing of the porous media with more than two phases. 

    
Fig. 8 The illustration of the rock typing of the 3D image of a sandstone sample using the proposed 
method, [a] is the initial image with two phases where black is pore and yellow is solid, [b] and [c] are 
the outputs of LHF filtering and Average filtering, respectively, [d] is the result of rock typing. 

[a4] 

[a5] 

[b4] 

[b5] 

[c4] 

[c5] 

[a] [b] [c] [d] 



 15 

 
Table 1. Parameters used in the rock typing of demonstrated images. As is the window size applied in the 
average filtering; µ is the length parameters used in Chan-Vese model; Rs is the threshold size of noisy 
particles, and HD is Hamming distance. 

Image As (pixels) µ Rs (pixels) HD 

T 30✕30 0.05 1000 0.0034 

A 30✕30 0.05 500 0.0132 

B 50✕50 0.05 3,000 0.0017 

C 50✕50 0.01 3,000 0.0028 

D 50✕50✕50 0.2 5,000,000  
 

4. Conclusion 
In this paper, we proposed an image-based rock typing method using local homogeneity filtering 

and Chan-Vese model. The target image is successively passed two filters, local homogeneity filter, 

and average filter to increase the contrast between different rock types and decrease the contrast 

within each single rock type. Then a Chan-Vese segmentation is applied to classify the filtered 

image into different rock types. Based on the discussion before, some conclusions can be obtained 

as follows: 

(1) The application of the local homogeneity filter and average filter effectively increase the 

contrast between different rock types and decrease the structural contrast within each single rock 

type; 

(2) The Chan-Vese model effectively classifies the heterogeneous porous media into different rock 

types based on the filtered image; 

(3) The accuracy of the rock typing increases along with the increase of the contrast of different 

rock types.  

The proposed method also has some limitations which need to be improved in our future work. 

First, the two-phase rock typing presented in this paper is planned to extend to multiphase rock 

typing. Second, a more self-adaptive scheme needs to be considered to remove the noisy particles 

instead of simply thresholding which mainly depends on visually observation. Third, analyzing 

the feasibility to extend our proposed rock typing method to be available to process grayscale 

images. Four, the computational cost of an 800✕400✕400 voxels image is 3.5 hours which has a 

vast roomage for improvement. 
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Computer code availability 
Source codes related to this article can be found at https://github.com/yuzhu561/Rock_Typing_CV.git, an 

open-source online data repository hosted at GitHub. 
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