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A B S T R A C T

Automatic grain segmentation of sandstone is to partition mineral grains into separate regions in the thin section,
which is the first step for computer aided mineral identification and sandstone classification. The sandstone
microscopic images contain a large number of mixed mineral grains where differences among adjacent grains, i.e.,
quartz, feldspar and lithic grains, are usually ambiguous, which make grain segmentation difficult. In this paper,
we take advantage of multi-angle cross-polarized microscopic images and propose a method for grain segmen-
tation with high accuracy. The method consists of two stages, in the first stage, we enhance the SLIC (Simple
Linear Iterative Clustering) algorithm, named MSLIC, to make use of multi-angle images and segment the images
as boundary adherent superpixels. In the second stage, we propose the region merging technique which combines
the coarse merging and fine merging algorithms. The coarse merging merges the adjacent superpixels with less
evident boundaries, and the fine merging merges the ambiguous superpixels using the spatial enhanced fuzzy
clustering. Experiments are designed on 9 sets of multi-angle cross-polarized images taken from the three major
types of sandstones. The results demonstrate both the effectiveness and potential of the proposed method,
comparing to the available segmentation methods.
1. Introduction

Identification of sandstone in thin sections is the basic tool for
studying rock samples, which can help determine the compositions and
structures of sandstones, and provide cues about the process of rock
formation. Grain segmentation is the first step for identification of
sandstone thin sections, which is usually done on microscopic images
taken using a polarizing microscope. A microscopic image normally
contains hundreds of mineral grains, where manual segmentation is very
tedious, time-consuming, and subjective to individual experiences.

In recent decades, computer-aided segmentation methods have been
developed for grain segmentation of microscopic images. These methods
can roughly be grouped into three categories: edge based methods
(Heilbronner, 2000; Zhou et al., 2004; Gorsevski et al., 2012), region
based methods (Choudhury et al., 2006; Yesiloglu-Gultekin et al., 2012;
Izadi et al., 2015) and energy based methods (Lu et al., 2009; Jungmann
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et al., 2014). The edge based methods identify grain boundaries by the
fact that the pixels change brightness or intensity sharply at the bound-
aries. These methods are sensitive to spectral noises and usually cannot
guarantee closure of boundaries. The region based methods identify
grains by clustering neighboring pixels with similar properties into re-
gions. The identified boundaries can guarantee closeness, but may not be
accurate. The energy based methods segment the grains so that the
predefined energy functions are minimized. The energy functions are
computationally expensive and may not converge to global optimum.

Recently, superpixel methods (Felzenszwalb and Huttenlocher, 2004;
Vedaldi and Soatto, 2008; Achanta et al., 2012; Bergh et al., 2015; Li and
Chen, 2015) have been employed to solve the grain segmentation
problem. The methods group pixels into perceptually meaningful re-
gions, called ”superpixels”, which usually correspond to parts of the
mineral grains in the microscopic images. Commonly used superpixel
methods include the following. FH (Felzenszwalb and Huttenlocher,
njing University, Nanjing, China.
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Fig. 1. Multi-angle microscopic images of one sandstone thin section sample taken by cross-polarized lights from various orientation. (a) 0∘. (b) 15∘. (c) 30∘. (d) 45∘. r1
and r2 are two adjacent quartz grains sharing similar colors in (a) and (c) which may be misinterpreted as one grain, however, they can be easily distinguished in (b)
and (d). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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2004) is a graph based superpixel algorithm, which maps the image to a
graph and clusters the pixels by building a minimum spanning tree. QS
(Quickshift) (Vedaldi and Soatto, 2008) uses the mode-seeking schema to
arrange pixels to the superpixels which maximizes the parzen density
estimate. SEEDS (Superpixels Extracted via Energy-Driven Samplings)
(Bergh et al., 2015) starts from a coarse partition and continuously re-
fines the superpixels using hill-climbing method to optimize an energy
function defined on the similarity of color histogram. LSC (Linear Spec-
tral Clustering) (Li and Chen, 2015) applies the normalized cuts while
using the kernel method to reduce the computational costs. SLIC (Simple
Linear Iteration Clustering) (Achanta et al., 2012) applies the k-means by
localizing the pixel searches to limited regions around the centers with
the distance defined on both color and spatial spaces.

The above mentionedmethods can help automate the process of grain
segmentation of microscopic images, but they are incapable of producing
accurate segmentation results due to the following two reasons. Firstly, a
sandstone microscopic image contains a large number (normally more
than hundreds) of mineral grains, and there are no backgrounds to
manifest the mineral grains. Secondly, adjacent grains, especially quartz
and feldspar grains are hardly distinguishable from each other because
the boundaries between them are blurred, and the textures of feldspar
and lithic grains are amenable to be misread as grain boundaries. Hence,
accurate segmentation of sandstone microscopic images has been proven
to be a difficult task.

Fortunately, the contrast between adjacent mineral grains can be
increased by rotating the thin section relative to the polarized light ac-
cording to the extinction angle of the minerals, which is the measure of
the cleavage direction. Petrologists identify minerals in the thin section
with microscopes by physical properties such as color, luster, trans-
parency, crystal systems, twinning, cleavage, fracture, hardness, specific
gravity, streak, etc. The tendency for minerals to cleave and the cleave
directions are characteristic of the minerals and hence important to the
identification. The extinction angle lies within 0∘ � 89∘, which means the
extinctions cycles every 90∘ where the maximum contrast among min-
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erals appears within 0∘ � 45∘. Fig. 1 shows the microscopic images of the
same sandstone thin section under various orientation of cross-polarized
light, i.e., 0∘, 15∘, 30∘, 45∘, which make the multi-angle microscopic
images. As shown in Fig. 1a and c, the region r1 and r2 are similar and
may bemisread as the same grain, but from Fig. 1b and d, the two regions
are easily distinguishable because the contrast is maximized between
extinctions of the two minerals. Therefore, combining multi-angle
microscopic images can help overcome the blurring effects and ach-
ieves more accurate grain segmentation results than using single cross-
polarized image.

In this paper, we take advantage of the multi-angle images and put
forward a method for automatic grain segmentation of sandstone
microscopic images. Our main contributions include the following:

� We propose a two-stage method for automatic grain segmentation of
multi-angle sandstone microscopic images, which consists of a
superpixel stage and a merging stage. In the superpixel stage, a multi-
angle SLIC (MSLIC) algorithm is proposed in order to produce
boundary adherent but over-segmented superpixels. In the merging
stage, we exploit the Gestalt laws (Desolneux et al., 2007) and pro-
pose a coarse-fine merging (CFM) technique to merge the superpixels
which yields the accurate segmented grains of quartz, feldspar, or
lithic fragment.

� We design three groups of experiments on sandstone microscopic
images. Total 9 sets of multi-angle microscopic images are used which
are taken from three thin sections from each of the three major types
of sandstones, respectively. By comparing to the available segmen-
tation methods, the results demonstrate the effectiveness and poten-
tial of the method.

The remainder of the paper is organized as follows. Section 2 elabo-
rates the proposed two-stage method in detail. Section 3 describes the
image dataset, experiments design and performance measures. Section 4
presents the experiment results and corresponding discussions. Finally,



Fig. 2. The proposed two-stage method for grain segmentation. The method is composed of a superpixel based segmenting stage and a region merging stage, where
the latter includes a coarse merging step and a fine merging step.

Fig. 3. Distributions of the color features (gray level) of the three types of mineral fragments. (a) quartz fragments. (b) feldspar fragments. (c) lithic fragments. The
distribution of quartz is concentrated in a small range, while those of feldspar and lithic disperse across broad ranges with lithic the broadest. (For interpretation of the
references to color in this figure legend, the reader is referred to the Web version of this article.)
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Section 5 concludes the paper with future work.

2. Our method

In this section, we present the method for grain segmentation of
multi-angle sandstone microscopic images. Firstly, we give the notations
and definitions, then we describe the two-stage method in detail.

2.1. Notations and definitions

Given an image presented by a matrix of pixels, let P denote the set of
its pixels. The image can be denoted as X ¼ fxpgp2P, where xp stands for
the features of a pixel, e.g. xp ¼ flp; ap; bpg, where lp, ap, and bp are
Fig. 4. Distributions of the texture features of the three types of mineral fragments.
sensitive to high frequency filters, the feldspar is sensitive to orientation filters, whi
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lightness, green-red, and blue-yellow color components of the pixel p in
CIELAB color space (Fairchild, 2013). To represent the multi-angle

microscopic images, we use X
! ¼ fXmgMm¼1, where Xm ¼ fxmp gp2P de-

notes the image of the m-th angle and M is the total number of angles.
Image segmentation is the process of partitioning an image into K

disjoint regions V ¼ fVigKi¼1 which satisfies:

1: Vi ¼ fpjlabelðpÞ ¼ i; 1 ⩽ i ⩽ K; p 2 Pg

2: V1 [ V2 [⋯ [ VK ¼ P

3: Vi \ Vj ¼ Φ; 8i 6¼ j
(a) quartz fragments. (b) feldspar fragments. (c) lithic fragments. The quartz is
le the lithic is sensitive to both frequency and orientation filters.



Fig. 5. Visual comparison between two superpixel algorithms. (a) SLIC. (b) MSLIC. It's clear that the MSLIC algorithm generates more boundary adherent results than
SLIC, because the multi-angle images provide extra information for grain segmentation.

Fig. 6. Visual comparison among different methods on quartz sandstones. (a) the original microscopic image. (b) the segmentation result of MSLIC. (c) the seg-
mentation result of CM. (d) the segmentation result of CFM. (e) the segmentation result of MRM. (f) the manually segmented ground truth.
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where Φ is the empty set, labelðpÞ is the region label for the pixel p. For
automatic grain segmentation of sandstone microscopic images, each Vi

corresponds to a mineral grain, which belongs to one of the three major
mineral types: quartz, feldspar or lithic fragment.
2.2. The two-stage framework

The framework of the method is depicted in Fig. 2, which is composed
of two stages. In the first stage, the input multi-angle cross-polarized

microscopic images X
!

are over segmented into a set of superpixels V0 by
the Multi-angle SLIC (MSLIC) algorithm. Refer to Fig. 6b, superpixels are
groups of pixels sharing similar features, which are parts of complete
mineral grains, i.e. over-segmented fragments. In the second stage, a two-
step merging (CFM) technique is used to merge the superpixels according
to the Gestalt laws (Desolneux et al., 2007), which contains a coarse
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merging (CM) algorithm and a fine merging (FM) algorithm. Refer to
Fig. 6c, CM merges the over-segmented fragments with less evident
boundaries, leading to the superpixel set VC. FM clusters the superpixels
in VC into categories, and merges the adjacent superpixels belonging to
the same category, leading to the final segmentation result VF , where
each region responds to a complete mineral grain, as in Fig. 6d.

2.3. MSLIC

MSLIC extends SLIC (Achanta et al., 2012) to produce nearly uniform
and boundary coherent superpixels for multi-angle microscopic images.
Suppose K is the expected number of superpixels, SLIC begins with par-
titioning the image of N pixels into K regular squares, regarded as initial
clusters. Then, pixels within a 2H � 2H (H ¼ ffiffiffiffiffiffiffiffiffiffi

N=K
p

) region centered
around each cluster are assigned to the most suitable cluster according to
the distance measured in both color and spatial space (Achanta et al.,
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2012), i.e.,

Distp;q ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi�
lp � lq

�2 þ �ap � aq
�2 þ �bp � bq

�2q
þ γ

H

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi�
xp � xq

�2 þ �yp � yq
�2q

(1)

where p and q are two pixels, γ is the specified weight to balance color
and space proximity.

To adapt the SLIC algorithm to multi-angle images, firstly, we define
the Centroidal Voronoi cost function (Wang et al., 2009) as follows

EðW ;VÞ ¼
XK
i¼1

X
p2Vi

Distp;wi (2)

where V ¼ fVigKi¼1 is called the Voronoi clustering, and W ¼ fwigKi¼1 is

the set of centroids of the clusters. Secondly, for M-angle images X
!
, we

have the set of multi-angle cluster centroids W
�! ¼ fwi

!¼ fwm
i gMm¼1g

K
i¼1,

where a reasonable distance measure between any two pixels in multi-
angle images is required. From Fig. 1, sometimes a grain is visually
distinct from adjacent grains in certain angles while obscured in the other
angles. Hence, we define the distance as the maximum measure among
all the angles.

Dist p!; q! ¼ max
m

Distpm ;qm (3)

where p!¼ fpmgMm¼1 is the correspondents of the pixel p in the M-angle
images, and q! likewise. Finally, combining Eq. (2) and Eq. (3), we get the
following multi-angle cost function which will be minimized during
multi-angle segmentation.

E
�
W
!
;V
� ¼XK

i¼1

X
p2Vi

Dist p!; wi
! (4)

The multi-angle SLIC (MSLIC) algorithm is described in Alg.1. In line

2, the optimal cluster centers W
�!�

is obtained by w!�
i ¼ argmin

w!m

i

EðW�!;VÞ,

where w!m
i is the correspondents of wm

i which minimize Eq. (2) in the
image of m-th angle. In line 10, k ⋅k2 denotes a L2 norm which means the
Euclidean distance.
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2.4. Feature extraction

To merge the superpixels, we extract features to characterize each
superpixel, and compute distance measures among the superpixels based
on these features.

2.4.1. Boundary feature
Boundary feature is extracted to represent the intensities of bound-

aries between adjacent superpixels using the rotation invariant Scharr
operator (Jahne et al., 1999; Kroon). Firstly, the image X is convolved
with the Scharr kernel to obtain the boundary feature f Bp for each pixel p.
Then the boundary feature between adjacent superpixels Vi and Vj can be
computed as

sf Bij ¼
P

p2\ðVi ;VjÞf Bp�� \ �Vi;Vj

��� (5)

where \ðVi;VjÞ represents the set of pixels on the boundaries between
superpixels Vi and Vj, and j⋅j denotes the cardinality of the set.

2.4.2. Color feature
The color feature is extracted from the gray level image based on the

histogram of pixels in each superpixel. Given the superpixel Vi, we uni-
formly divide the gray channel into L levels, and compute the color
feature as

sfCi ¼ fhistið1Þ;⋯; histiðLÞg (6)

where histiðjÞ is the j-th element of the normalized histogram of Vi. In this
paper, we set L ¼ 16, which means the color feature is a vector con-
taining 16 elements.

Fig. 3a, b and c show the distributions of the color features of quartz,
feldspar, and lithic grains, respectively. It is clear that the color distri-
bution of quartz is concentrated in a small range and forms an evident
peak, while those of feldspar and lithic disperse across broader ranges.

2.4.3. Texture feature
The texture feature is extracted using the gabor filter bank (Jain and

Farrokhnia, 1991). Given pixel p, its texture feature is fTp ¼ ff Tp ðiÞgNω�Nθ

i¼1
,

where Nω and Nθ denote the number of frequencies ω and orientations θ
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of the gabor filter bank, respectively. For superpixel Vi, its texture feature
is computed as

sfTi ¼
P

p2Vi f
T
p

jVij (7)

In this paper, we set ω 2 f0:1; 0:2; 0:3; 0:6g, θ 2 f0; π=6; π=3;
π=2; 2π=3g, which means the texture feature is a vector containing 20
elements.

Fig. 4a, b and c show the distributions of the texture features of
quartz, feldspar, and lithic grains, respectively. It is clear that the quartz
is more sensitive to high frequency filters, the feldspar is sensitive to
orientation filters, and the lithic is sensitive to both frequency and
orientation filters.
2.5. Two-step merging

MSLIC over-segments the microscopic images into a set of super-
pixels, where most superpixels are parts of mineral grains. These over-
segmented superpixels ought to be further merged to yield meaningful
grains. We use the Gestalt laws (Desolneux et al., 2007) to help merge the
superpixels. The Gestalt laws (Desolneux et al., 2007) have three basic
rules: proximity, color constancy and similarity.

According to the three rules, we propose a two-step merging (CFM)
technique which is composed of a coarse merging algorithm and a fine
merging algorithm. The coarse merging is based on the rule (1) and (2) of
the Gestalt laws, where the adjacent superpixels with less evident
boundaries are merged. The fine merging is based on the rule (1) and (3),
where the adjacent superpixels with high similarity are merged.

2.5.1. Coarse merging
The coarse merging (CM) algorithm is described in Alg.2, which can

merge the superpixels using only the boundary features. The algorithm
begins with finding all the adjacent superpixel pairs in the image and
computing the boundary feature of each pair. According to rule (2), if the
boundary is not evident, i.e., less than the predefined threshold ε, then
the two adjacent superpixels should be merged. In Alg.2, adjðVi;VjÞ in
line 2 is to check whether two superpixels are adjacent, i.e., if Vi and Vj

share the common boundaries. In line 4 and 5, sf
!B

ij is the maximal sf Bij in
the M-angle images.
2.5.2. Fine merging
FM improves the Fuzzy C-Means algorithm (Dunn, 1973) to cluster

the superpixels. Firstly, we adopt the fuzzy clustering strategy to cluster
the

��VC
�� superpixels produced by CM into KC categories. Then, the

adjacent superpixels sharing the same category are merged to get the
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final mineral grains.
The cost function of FM is defined as

E1
�
W
!
;U
� ¼XKC

i¼1

XjVCj

j¼1

����Vj

����u2ij
��

d
!C

ij

	2
þ
�
d
!T

ij

	2

þ α

XKC

i¼1

XjVCj

j¼1

u2ij
1��N j

�� X
Vk2N j

����Vk

����
�
��

d
!C

ik

	2
þ
�
d
!T

ik

	2

(8)

where U⊂ℝKC�jVCj is the fuzzy partition matrix, uij 2 U is the degree of

membership of superpixel Vj to cluster (category) ℂi. W
�! ¼ fw!C

i ;w
!T

i g
KC

i¼1

is the set of centroids of the clusters, where w!C
i and w!T

i are the centroids
of color subspace and texture subspace of the i-th cluster, respectively.

d
!C

ij and d
!T

ij measure the color-based distance and texture-based distance

between the superpixel Vj and the centroid wi
�!, respectively, which is

defined as d
!C

ij ¼ maxmð
���sf!C

j � w!C
i

���
2
Þ, d

!T

ij ¼ maxmð
���sf!T

j � w!T
i

���
2
Þ,

wherem denotes the image of them-th angle.N j is the set of neighbors of
Vj, and α is used to control the effect of proximity.

By using the Lagrange multiplier, we have

E10
�
W
!
;U
� ¼XKC

i¼1

XjVCj

j¼1

����Vj

����u2ij
��

d
!C

ij

	2
þ
�
d
!T

ij

	2

þ α

XKC

i¼1

XjVCj

j¼1

u2ij
1��N j

�� X
Vk2N j

����Vk

����
�
��

d
!C

ik

	2
þ
�
d
!T

ik

	2

þ
XVC

j¼1

λj

 XKC

i¼1

1� uij

!

(9)

Taking the derivatives of E10 with respect to uij, w!C
i , and w!T

i ,
respectively, and set them to zeros, we get the update rules

uij ¼

�����Vj

����
��

d
!C

ij

	2
þ
�
d
!T

ij

	2

þ α

jN jj
P

Vk2N j

����Vk

����
��

d
!C

ik

	2
þ
�
d
!T

ik

	2
�1

PKC
r¼1

�����Vj

����
��

d
!C

rj

	2
þ
�
d
!T

rj

	2

þ α
jN jj
P

Vk2N j

����Vk

����
��

d
!C

rk

	2
þ
�
d
!T

rk

	2
�1

(10)
w!C
i ¼

PjVCj
j¼1 u2ij

����Vj

���sf!C

j þ α
jN jj
P

Vk2N j

���Vk

���sf!C

k

	
PjVC j

j¼1 u
2
ij

����Vj

���þ α
jN jj
P

Vk2N j
jVk j
	 (11)
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w!T
i ¼

PjVCj
j¼1 u2ij

����Vj

���sf!T

j þ α
jN jj
P

Vk2N j

���Vk

���sf!T

k

	
PjVC j

j¼1 u
2
ij

����Vj

���þ α

jN jj
P

Vk2N j
jVk j
	 (12)

The FM algorithm is described in Alg.3, where clsð⋅Þ stands for the
category of superpixels. In line 2 to line 7, the degrees of membership of
superpixels to categories are computed. In line 9, each superpixel is
assigned to the category of maximum degree of membership. In line 11 to
line 16, the adjacent superpixels sharing the same category are merged.

FM is mainly based on the fuzzy clustering strategy, which includes:
(1) The distance among superpixels is measured in both color and texture
subspaces. (2) The effects of superpixels’ sizes are considered, i.e., larger
superpixels have greater weights on their feature distance measures. (3)
The proximity of superpixels are taking into account, i.e., the degree of
membership of a superpixel is directly affected by its neighboring
superpixels.
3. Experiment setup

In this section, we introduce the experiment setup, including the
sandstone microscopic image dataset, the performance measures and the
baseline methods.
3.1. Image dataset

The microscopic images are made from sandstones by the Nikon
ECLIPSE LV100POL Polarizing Microscope, categorizing into three major
types, i.e., quartz sandstones, feldspar sandstones and lithic sandstones.
For each type, we select 3 sets of multi-angle images made from different
sandstone samples. As listed in Table .1, the sandstones are collected
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from different districts, including Nagqu, Shannan, Ali and Shigatse, and
the geological times are diverse. The images are made using one of the
two resolutions from the thin sections with the thickness of 0.3mm. A
polarizer microscope equipped with a digital camera is used for image
acquisition, and the automated rotating polarizing stage allows the thin
section to remain fixed while the polarizer are rotated. The sampling
procedure rotates the polarizer from 0∘ to 45∘ in 15∘ increments under
cross-polarized light so that each sample will produce 4 images. Totally,
we obtain 9 sets of multi-angle cross-polarized microscopic images, each
set contains 4-angle images, the size of each image is 800� 600 pixels.
3.2. Performance measures

For quantitative comparison, the basic measures are precision and
recall (Monteiro and Campilho, 2006), which assess the agreement be-
tween segmentation results and ground truth. Given the ground truth G
and segmentation results produced by an algorithm S, the precision and
recall are defined as

precision ¼ MatðS;GÞ
jSj

recall ¼ MatðG; SÞ
jGj

(13)

whereMatðS;GÞ is number the boundary pixels in Swhich match with G,
wherematchmeans a boundary pixel in S being within position tolerance
of the boundaries in G. During the experiment we set the tolerance τ ¼ 2.
Conversely,MatðG; SÞ is the number of boundary pixels inGwhich match
the boundary pixels in S. jSj and jGj denote the total number of boundary
pixels in S and G, respectively. According to the definitions, under-
segmentation leads to low recall, while over-segmentation leads to low



Table 4
Performance comparison among different superpixel algorithms on feldspar
sandstones, where the highest measures are marked in bold.

Precision Recall F-Measure

FH 0.3868 0.9100 0.5416
QS 0.3051 0.8414 0.4478
SEEDS 0.3161 0.8564 0.4618
LSC 0.3536 0.9241 0.5115
SLIC 0.3447 0.8594 0.4920
MSLIC 0.4150 0.9633 0.5801

Table 5
Performance comparison among different merging algorithms on feldspar
sandstones, where the highest measures are marked in bold.

Precision Recall F-Measure

MSLIC þ MRM (Jiang et al., 2017) 0.7109 0.9140 0.7997
MSLIC þ CM 0.5032 0.9531 0.6586
MSLIC þ CFM 0.8207 0.8997 0.8584

Table 1
The details of thin section microscopic images of sandstone.

No. Category Source Age Thickness Resolution

1 quartz sandstone Ali Cretaceous 0.03 mm 560 pixels/
mm

2 quartz sandstone Nagqu Jurassic 0.03 mm 560 pixels/
mm

3 quartz sandstone Shannan Paleogene 0.03mm 560 pixels/
mm

4 feldspar
sandstone

Shigatse Cretaceous 0.03 mm 280 pixels/
mm

5 feldspar
sandstone

Shannan Paleogene 0.03mm 560 pixels/
mm

6 feldspar
sandstone

Shannan Paleogene 0.03mm 560 pixels/
mm

7 lithic sandstone Nagqu Jurassic 0.03 mm 280 pixels/
mm

8 lithic sandstone Ali Cretaceous 0.03 mm 280 pixels/
mm

9 lithic sandstone Shigatse Cretaceous 0.03 mm 280 pixels/
mm
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precision. For MSLIC and CM, we need to find out all the potential
boundary pixels, i.e. over-segmentation is acceptable, whichmeans recall
is more important than precision. As for FM, recall and precision are
equally important, we use the F-measure (Monteiro and Campilho, 2006)
to balance the tradeoff, which is defined as:

F ¼ 2⋅
precision⋅recall
precisionþ recall

(14)

3.3. Baseline methods

We conduct three groups of experiments each using microscopic
images from one type of sandstone, i.e., quartz sandstone, feldspar
sandstone, and lithic sandstone, respectively. Under each case, experi-
ments are conducted to validate the effects of MSLIC and CFM
individually.

We compare the MSLIC algorithm with the state-of-the-art superpixel
algorithms including FH (Felzenszwalb and Huttenlocher, 2004), QS
(Vedaldi and Soatto, 2008), SEEDS (Bergh et al., 2015), LSC (Li and
Chen, 2015) and SLIC (Achanta et al., 2012). The implementations of
these algorithms are all publicly available. MSLIC works on multi-angle
images and produce unique segmentation result. However, the compet-
itive algorithms produce multiple results from multi-angle images. To
make a fair comparison, we use the maximum intensity image (Fueten
and Mason, 2007) to get the best result for each of the five algorithms.

The CFM is compared with the MRM (Multi-angle Region Merging)
Table 2
Performance comparison among different superpixel algorithms on quartz
sandstones, where the highest measures are marked in bold.

Precision Recall F-Measure

FH 0.5604 0.8148 0.6641
QS 0.4798 0.8373 0.6100
SEEDS 0.4510 0.8196 0.5818
LSC 0.5020 0.9157 0.6485
SLIC 0.5204 0.9002 0.6596
MSLIC 0.5635 0.9669 0.7121

Table 3
Performance comparison among different merging algorithms on quartz sand-
stones, where the highest measures are marked in bold.

Precision Recall F-Measure

MSLIC þ MRM (Jiang et al., 2017) 0.8513 0.9008 0.8730
MSLIC þ CM 0.6504 0.9652 0.8414
MSLIC þ CFM 0.8687 0.9011 0.8847
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(Jiang et al., 2017) algorithm. MRM is a region merging algorithm
adapted for multi-angle images, which uses a RAG (region adjacency
graph) to represent an image, where the nodes correspond to the
superpixels and the links present the similarities between adjacent
superpixels. The segmentation is made by merging the nodes in the RAG
graph iteratively according to the weights (i.e. degree of similarities) of
the links. CFM consists of CM and FM, and the experiment is carried out
in two steps, each step demonstrated by both visual and quantitative
results.

4. Experiment results and analysis

In this section, we describe the experiment results and the corre-
sponding discussions on each of the three types of sandstones: quartz
sandstone, feldspar sandstone, and lithic sandstone, respectively.
4.1. Results on quartz sandstones

Quartz sandstone is a type of sandstone where quartz grains are more
than 90% in total grains as showing in Fig. 1. Figs. 5 and 6, Table 2 and
Table 3 present the experimental results on the quartz sandstone
microscopic images.

Firstly, we compare MSLIC with the baseline methods. Fig. 5a and b
present the over-segmented superpixels resulted from SLIC (Achanta
et al., 2012) and MSLIC, respectively. In Fig. 5a, the SLIC algorithm may
produce inaccurate boundaries where the two adjacent grains sharing
similar features in certain angles. For comparison, in Fig. 5b, the
boundaries produced by MSLIC is more adherent to the ground truth
because the multi-angle images provide extra information to help accu-
rate segmenting. Table 2 lists the quantitative comparison between
MSLIC and other state-of-the-art superpixel algorithms, the results
demonstrate that MSLIC outperforms the other algorithms.

Secondly, we compare the two-step merging CFM with the baseline
method MRM (Jiang et al., 2017). Fig. 6 presents the visual results of
merging. In Fig. 6e, MRM iteratively merges the most similar adjacent
superpixel pairs, and the spatial relationships among superpixels are not
taken into account. As a result, the tiny ambiguous superpixels and the
enclosed superpixels may not be merged correctly. In Fig. 6c, CM can
merge adjacent superpixels of the same type when the boundaries are less
evident. In Fig. 6d, FM can further merge the ambiguous superpixel pairs
according to the similarity measured in both color and texture subspaces.
As a result, the results are more asymptotical to the ground truth. Above
approves the effectiveness of the fuzzy clustering strategy used in our
method.

Thirdly, Table .3 lists the quantitative performance measures resulted



Fig. 7. Visual comparison among different methods on feldspar sandstones. (a) the original microscopic image. (b) the segmentation result of MSLIC. (c) the seg-
mentation result of CM. (d) the segmentation result of CFM. (e) the segmentation result of MRM. (f) the manually segmented ground truth.

Table 6
Performance comparison among different superpixel algorithms on lithic sand-
stones, where the highest measures are marked in bold.

Precision Recall F-Measure

FH 0.0981 0.8681 0.1763
QS 0.1144 0.7928 0.1548
SEEDS 0.0921 0.8885 0.1669
LSC 0.1024 0.9236 0.1844
SLIC 0.0878 0.8732 0.1595
MSLIC 0.1268 0.9208 0.2233

Table 7
Performance comparison among different merging algorithms on lithic sand-
stones, where the highest measures are marked in bold.

Precision Recall F-Measure

MSLIC þ MRM (Jiang et al., 2017) 0.6153 0.8016 0.6963
MSLIC þ CM 0.3376 0.9038 0.4916
MSLIC þ CFM 0.7306 0.8128 0.7695
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from different merging techniques. From Table .3, MRM improves the
precision measure dramatically by merging over-segmented superpixels.
However, the recall measure is decreased because minor superpixels may
be merged into incorrect grains. On the contrary, CM can improve the
precision while maintain the recall measure with a conservative strategy
which sacrifice the precision enhancement. By further adding FM, the
precision measure becomes the greatest, although the recall measure is
slightly decreased. The great values of precision, recall and F-measure are
due to the fact that the surfaces of quartz are smooth and cleavages are
seldom in the quartz sandstones.

4.2. Results on feldspar sandstones

Feldspar sandstone is a type of sandstone where feldspar grains are
more than 25% while quartz grains are less than 75% in total grains.
Tables 4 and 5 list the performance measures resulted from the methods
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on the feldspar sandstone microscopic images. As shown in Table 4,
MSLIC performs the best on feldspar sandstones, especially on the recall
measure, which is greater than 0.95. The precision measure decreases
considerably compared with that of quartz. The reason is that cleavages
and fractures occur frequently in feldspars and are often mistaken for
boundaries between mineral grains. In Table 5, CM can only slightly
increase the precision measure, although the recall measure is largely
maintained. By adding FM, CFM becomes more suitable for merging
feldspar grains than MRM where both precision and F-measure are
greatest.

To illustrate the qualitative results, Fig. 7 presents the visual results of
the proposed methods on the feldspar sandstones. In Fig. 7e, MRM usu-
ally fails in merging the superpixels within a feldspar grain, the reason is
that the inner difference of feldspar grain can be greater than the inter
difference among different quartz grains. In contrast, as shown in Fig. 7d,
CFM is more effective for feldspar sandstone images by incorporating the
fuzzy clustering strategy.

4.3. Results on lithic sandstones

Lithic sandstone is a type of sandstone where lithic grains are more
than 25% while quartz grains are less than 75% in total grains. Table 6
and Table 7 list the performance measures resulted from the methods on
the lithic sandstone microscopic images. As shown in Table 6, MSLIC
outperforms the other methods because of the extra information
collected from multi-angle images. Lithic grains are composed of thou-
sands of tiny minerals, so that the inner differences are great. Hence, the
superpixels are heavily over-segmented which results in a serious decline
of the precision measure. The boundaries between grains in lithic sand-
stones are complicated which limits the effect of CM. In Table 7, CM can
only slightly improve the precision measure, although the recall measure
is largely maintained. Again in Table 7, FM compensates CM, because
both color and texture features are effective in characterizing lithic
grains.

To illustrate the qualitative results, Fig. 8 presents the visual results of
the proposed methods on the lithic sandstone microscopic images. In
Fig. 8e, MRM works fine on quartz grains, but fails to merge superpixels



Fig. 8. Visual comparison among different methods on lithic sandstones. (a) the original microscopic image. (b) the segmentation result of MSLIC. (c) the seg-
mentation result of CM. (d) the segmentation result of CFM. (e) the segmentation result of MRM. (f) the manually segmented ground truth.

Table 8
Running time comparison among the methods using all the sandstone images, all
the running time is expressed in seconds. The best values are marked in bold.

Computational
complexity

Average time per
image set

Superpixel method FH OðNlogNÞ 9.27
QS OðN2Þ 109.68
SEEDS OðNÞ 2.08
LSC OðNÞ 6.43
SLIC OðNÞ 3.86
MSLIC OðNÞ 5.99

Region merging
method

MRM – 239.71
CFM – 49.64

Table 10
Comparison of performance measures among different of the hyper-parameter in
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in lithic grains which explains its poor precision measure in Table 7. In
Fig. 8d, CM is adequate to merge quartz grains while has little effect on
merging lithic grains, because the microstructure of lithic is complicated
and the boundaries are hard to differentiate from textures. By adding FM,
superpixels in lithic grains are easily clustered to the same category and
successfully merged by proximity. Above demonstrates that the fuzzy
clustering strategy is suitable for processing lithic grains.
CM, where the best measures are marked in bold.

ε ¼ 0:05 ε ¼ 0:1 ε ¼ 0:15 ε ¼ 0:2 ε ¼ 0:25 ε ¼ 0:3

Precision 0.5879 0.6504 0.7030 0.7544 0.8080 0.8151
Recall 0.9669 0.9653 0.9256 0.9192 0.8826 0.8100
F-Measure 0.7312 0.7772 0.7991 0.8287 0.8437 0.8125
4.4. Discussions

In this section, firstly we compare the running time between our
method and the other baseline methods. Secondly we study the effects of
Table 9
Comparison of performance measures among different settings of the hyper-paramete
value of K, where the best measures are marked in bold in each group.

K ¼ 200 K ¼ 300

γ ¼ 5 γ ¼ 10 γ ¼ 15 γ ¼ 5

Precision 0.6176 0.6048 0.5996 0.5635
Recall 0.8938 0.8602 0.8160 0.9669
F-Measure 0.7305 0.7102 0.6913 0.7120
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the hyper-parameters on the performance of our method. The methods
are run on a laptop with Intel i7 (4 Cores) at 4.2 GHz and 32 GB RAM.
Firstly, we compare the efficiencies of the superpixel methods. Table .8
lists both the computational complexities and the running time (in sec-
onds) of all the methods. Among the superpixel methods, SEEDS is the
fastest, followed by SLIC. MSLIC is a bit slower than SLIC because the
distance measures are computed in the multi-angle manner. Even so, the
running time of MSLIC is still acceptable and competitive. The compu-
tational complexity of QS is OðN2Þ, which leads to an extremely low
running speed. Among the region merging methods, MRM takes nearly
4min to merge the over-segmented superpixels per image, while CFM is
more efficient since the two-step merging technique and fuzzy clustering
strategy save much time.

Next, we study the effects of the hyper-parameters in the three
components of the proposed method, MSLIC, CM and FM. The hyper-
parameters in MSLIC are K and γ, where K is the expected number of
superpixels and γ is the weight to balance the color similarity and space
proximity in distance measure. Table .9 lists the performance measures
rs in MSLIC algorithm. The results are divided into three groups according to the

K ¼ 500

γ ¼ 10 γ ¼ 15 γ ¼ 5 γ ¼ 10 γ ¼ 15

0.5630 0.5592 0.5365 0.4807 0.4719
0.9465 0.9094 0.9498 0.9365 0.9084
0.7060 0.6925 0.6857 0.6353 0.6211



Table 11
Comparison of performance measures among different settings of the hyper-parameters in FM. The results are divided into three groups according to the value of KC ,
where the best measures are marked in bold in each group.

KC ¼ 4 KC ¼ 5 KC ¼ 8

α ¼ 0:05 α ¼ 0:1 α ¼ 0:15 α ¼ 0:05 α ¼ 0:1 α ¼ 0:15 α ¼ 0:05 α ¼ 0:1 α ¼ 0:15

Precision 0.8140 0.8333 0.8351 0.8209 0.8687 0.8767 0.7391 0.7437 0.7586
Recall 0.7902 0.7827 0.7667 0.9036 0.9011 0.8695 0.9492 0.9475 0.9276
F-Measure 0.8019 0.8072 0.7994 0.8603 0.8846 0.8731 0.8310 0.8332 0.8346

F. Jiang et al. Computers and Geosciences 115 (2018) 143–153
under different combinations of K and γ. It can be observed that, with too
great γ (> 5), all the performance measures start decreasing. As for K, the
average measures are increasing until K ¼ 300, after which the measures
start decreasing. Based on the observation, we set γ ¼ 5 and K ¼ 300.
The hyper-parameter in CM is ε, which is the threshold of boundary in-
tensity. CM is the first step of region merging, in which it's necessary to
guarantee a high value of recall. Table .10 demonstrates that with
increasing of ε, the precision is gradually increasing while the recall is
decreasing. There is a significant gap in recall between ε ¼ 0:1 and ε ¼
0:15. Meanwhile, the precision is greatly improved at ε ¼ 0:1 comparing
to ε ¼ 0:05. Based on the observation, we set ε ¼ 0:1. The hyper-
parameters in FM are KC and α, where KC is the number of clusters and
α is the weight to control the degree of spatial proximity. From Table .11,
we observe that in each group, with increasing of α, the precision is
gradually increasing while the recall is slightly decreasing, and the F-
measure get the competitive value at α ¼ 0:1. For KC, the average
measures start decreasing after KC ¼ 5. Based on the observations, we set
α ¼ 0:1 and KC ¼ 5.

5. Conclusions and future works

In this paper, we propose a two-stage method to handle the problem
of automatic sandstone grain segmentation microscopic images. The
method contains a superpixel stage and amerging stage. In the superpixel
stage, the input multi-angle images are over-segmented to a set of
superpixels by the MSLIC algorithm. In the merging stage, we adopt the
idea of the Gestalt laws (Desolneux et al., 2007) and design the two-step
merging technique. Firstly, the adjacent superpixels with less evident
boundaries are merged. Secondly, the superpixels with similar color and
texture features are clustered using the fuzzy clustering strategy, and the
adjacent superpixels belonging to the same category are merged. The
proposed MSLIC algorithm takes advantage of multi-angle cross--
polarized images to produce boundary adherent superpixels, and the
fusing of multiple features are effective in describing the characteristics
of mineral grains, leading to the accurate region merging by CFM. We
conduct experiments on microscopic images, taken from three major
types of sandstones, i.e., the quartz sandstone, feldspar sandstone and
lithic sandstone. By comparing with the state-of-the-art methods, the
results demonstrate both effectiveness and potential of our methods.

However, the performance of the proposed method is sensitive to the
settings of hyper-parameters, which should be carefully determined. In
future work, we plan to expand our sandstone dataset by adding extra
microscopic images of samples, which are taken from different condi-
tions and resolutions, in order to validate the soundness of the proposed
method. We also plan to apply the method to other types of rocks, such as
magmatic rocks and metamorphic rocks, to explore the potentials of the
method. In addition, we plan to improve the method by using convolu-
tional neural networks (CNN) to automatically extract intrinsic features
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of mineral grains and adopt semantic segmentation (Long et al., 2015)
technologies to enhance the segmentation performance and the mineral
identification.
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