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Abstract
Due to the diversity of mineral particle features in rock, including sizes, shapes, arrangements, and structural connections, 
the color image of the rock sample surface at laboratory scale is quite complex. Thus, unacceptable misjudgement and 
information loss often occur when the traditional image processing algorithms are adopted. To improve the accuracy of 
fracture extraction, a method based on image processing algorithms is proposed in this paper to extract fractures from 3D 
point clouds. First, a high-precision original depth image is generated by gridding the rock surface point cloud data with 
the Kriging interpolation. The hill shading method is then applied to further clarify the fractures. Finally, the fractures are 
extracted from depth images and compared with color images. The results show that the integrity of the fracture skeleton 
is significantly improved and the error rate is reduced. In combination with color images, the physical fractures and other 
fracture-like features can be distinguished. The proposed method provides a new idea for extracting fractures in various 
destructive experiments on rocks, and may be developed for recognition of discontinuities at typical engineering scale.
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1  Introduction

Rock is a natural mineral aggregate with a certain texture 
structure, and it is the basic unit of rock mass (Sivakugan 
et al. 2013). Rocks are usually prepared into rock samples 
with regular shapes and smooth surfaces in the laboratory. 
Mechanical parameters and fracture mechanism of rock 
materials could be required or assessed under destructive 
tests, such as rock impact test (Li 2017a, b, 2019; Zou 
2019), uniaxial compressive test, Brazilian split test and 
microwave-assisted rock breaking (Lu et al. 2020; Zhao 
et al. 2020; Xu et al. 2020). The accurate characterization 
of the fracture location, distribution, and expansion path in 
the rock fracturing process has a significant impact on the 
aforementioned research.

At the macro-level, rock is commonly regarded as a con-
tinuous, homogeneous, and isotropic medium. At the micro-
level, due to the complexity and diversity of the rock forma-
tion process, different types of rocks vary considerably in 
texture structure, which results in a variety of intricate rock 
sample surface information (Xiao et al. 2020). At present, 
the fracture extraction is mainly through manual depiction 
and image processing. If the surface information of the rock 
sample is simple with limited loading times, the fractures 
could be easily determined accurately through manual depic-
tion. However, manual depiction is time-consuming, and 
the accuracy and timeliness cannot be guaranteed under the 
following circumstances: (a) the surface information of the 
rock sample is complex with low contrast of fractures, (b) 
massive loading times or massive samples to be loaded when 
observing rock fracture process in real time.

Image processing is the technology for processing and 
analyzing digital images (IAroslavskii 2013). Though vari-
ous types of image processing methods with different prin-
ciples are available, the general basis is the change of the 
intensity and color of pixels. Four main strategies toward 
the automatic extraction of rock surface fractures are com-
monly used, including edge detection (Lemy and Hadjigeor-
giou 2004; Zhu et al. 2011; Damien et al. 2019), threshold 
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segmentation (Tan et  al. 2016; Otsu 1979; Talab et  al. 
2016; Zhang et al. 2019b), curvilinear structure enhance-
ment (Liang 2016), and region-based segmentation (Achanta 
et al. 2012; Li et al. 2011). These methods can be applied 
to specific images with simple surface information, but 
limitations exist when encountering complex rock sample 
surfaces. To theoretically rationalize the applicability of dif-
ferent image processing algorithms, different types of rock 
samples with multiple features and complex information are 
selected in this paper, as shown in Fig. 1. The rock samples 
are 10 cm × 10 cm × 1 cm cuboid with smooth top surfaces. 
Their category and texture structures are shown in Table 1. 
Under the laboratory scale, the main features of rock sample 
surfaces include mineral grains, pores, original cracks, paral-
lel banded structure, interstitial minerals, physical fractures, 
and the boundaries between them. The interstitial mineral is 
a simple classification of fracture-like textures, which could 
be the new mineral filling in rock fractures, or the remaining 
of plants and animals; original crack is the existing internal 
or incomplete fracturing weakness different from the physi-
cal fractures after loading. The fracture extraction by the 
four strategies is shown in Fig. 1. 

Fractures are voids with curvilinear embedded structures 
caused by the disintegration and deformation of consolidated 
hard rocks under various stresses. Incomplete illumination 
cover over the fracture region results in low gray values. 
From the perspective of computer vision, the image fea-
tures of the rock surface can be divided into two categories: 
the boundary and the region. Consequently, two ways are 
available for fracture extraction, including identification of 
boundary pixels between the fractures and its connected 
regions, and pixel extraction of the overall fracture region. 
Edge detection is used to extract the boundary features by 
identifying the pixels with evident gray level changes in the 
image. Since the gray level changes are obvious between the 
fracture region and other regions, the edge detection method 
could be easily applied. However, since not all the locations 
with obvious gray changes are the fracture boundaries, and 
the edge detection method is also sensitive to noise and the 
boundary between the non-fracture features, the detection 
results often show as over-segmentation. Although in recent 
years, various improved edge detection operators based on 
different principles, including the wavelet transform (Gao 
et al. 2019), the fuzzy theory (Wang et al. 2020), the mor-
phology (Pei et al. 2020), and the machine learning (He and 
Wang 2010), have been used to optimize and classify the 
results of edge detection, the effects are unstable with lim-
ited applicability. Threshold segmentation is a method used 
to detect the regional fractures, by categorizing image pixels 
using thresholds setting toward gray values. The selection of 
the threshold plays a decisive role in the segmentation result, 
and the optimal threshold can be selected either manually 
or automatically. However, if the threshold is too large, both 

fractures and non-fractures would be detected; while, if the 
threshold is small, the fractures could be cut or even missed. 
Ju et al. (2018) used the Otsu method to detect the fractures 
of a rock sample raptured in a triaxial test with simple sur-
face information. Zhang et al. (2019a) extracted traces in 
rock mass images using a hybrid algorithm which is based 
on global Otsu and local threshold. However, threshold seg-
mentation is not effective for rock samples with surfaces 
containing different features with similar gray values. For 
example, in sample 1, the black mineral mica itself has a 
lower gray scale than the fracture, which could easily lead 
to misdetection. Therefore, in addition to the image gray 
value, Liang (2016) introduced another method of curvilin-
ear structure enhancement to extract fractures. This method 
is achieved by simultaneously enhancing the curvilinear 
structure in the image and suppressing other shapes. Com-
pared with threshold segmentation, the fracture curve is 
smoother and more concise. However, in samples 2, 3, and 
4, the original cracks, parallel banded structure, and inter-
stitial minerals similar to the physical fractures were also 
detected. It is inappropriate to simply group them into the 
same category during the fracture analysis and numerical 
modelling. At the same time, some fracture extraction could 
be missed due to low image contrast similar to low threshold 
segmentation. The results of region-based segmentation are 
all closed boundaries; hence, it can extract both boundary 
and regional features. The watershed method based on mor-
phological mark is taken as an example. The area of a single 
segmented region is controlled by the feature scale of the 
selected boundary. For sample 2, the image information is 
simple, and the fracture positions are identified accurately 
with a larger feature scale. However, in other cases, since 
the image contains many non-fracture boundaries, over-
segmentation occurs under most region-based methods (Yi 
et al. 2019). In summary, when there are multiple features 
on the surface of a rock sample, it is difficult to automati-
cally extract fractures accurately through a certain image 
processing method due to the mutual interference between 
various features. To avoid this problem, except for the digital 
images, the source rock sample surface information should 
be expanded.

At the engineering scale, the extraction of discontinuity 
characteristics of rock masses from 3D point cloud data has 
received extensive attention. The point cloud is a massive 
collection of points with their spatial coordinates, and can 
be used to measure the surface characteristics of the target. 
Many scholars have used various semi-automatic methods to 
extract discontinuity characteristics of rock masses from raw 
point cloud data or digital surface models (DSM), including 
the methods based on curvature changes (Umili et al. 2013), 
three-dimensional Hough transform (Fernandes and Oliveira 
2008), random sampling (Li et al. 2017a, b), region growth 
(Liu et al. 2019; Zhang et al. 2018) and feature clustering 
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Fig. 1   Fracture extraction of rock samples (row: different rock sample cases, column: different image segmentation methods)
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(Wang et al. 2019). Inspired by this, the three-dimensional 
point cloud information is considered for fracture extrac-
tion of rock samples under laboratory scale. Limited studies 
in this area are currently available, which may be due to 
the difficulty in extracting the curvilinear embedded struc-
ture, though it is effective for collecting the discontinuous 
characteristics exposed (Zhang et al. 2019). Xu et al. (2020) 
proposed a new fast fuzzy clustering method based on pho-
togrammetry, to extract the discontinuities on the rock sur-
face. This method is effective for not only planar but also 
curvilinear structures, while more than 5 features should be 
manually selected. It also reflects another shortcoming of the 
current extraction method based on the point cloud data: in 
the process of pre-processing and discontinuity extraction, 
various commercial software will inevitably being used with 
heavy workload, whose operations and accuracy would be 
subjectively affected by the non-automation process.

Compared with the point cloud data, pixel-based image 
processing algorithms are more mature and better developed, 
with advantages in the identification of topological charac-
teristics and automation process. The accuracy of fracture 
extraction could be significantly improved, if the three-
dimensional information of rock samples can be converted 
into image data for processing. In fact, with the development 
of stereo vision technology and the emergence of hardware 
devices, such as the depth camera that describes the three-
dimensional information of the scene, the integration of 
depth images and traditional color images is better explored 
recently, to improve the image segmentation and feature 
extraction. The depth image is an image with the pixel value 
being the distance from the image collector to each point 
in the scene. Similar to the point cloud data, it can directly 
reflect the geometric features of the object. A lot of related 
research is based on several data sets whose main contents 
are indoor scenes and daily objects, such as NYU2 (Silber-
man et al. 2012), RGBD (Lempitsky et al. 2009), B3DO 
(Janoch et al. 2011), SUN3D (Xiao et al. 2013) data sets. 
It is preliminarily proven that the RGB-D image segmenta-
tion that integrates the depth and color images is better than 

the color image segmentation only (Cong et al. 2020). Gal-
dames et al. (2017) extracted features from different types 
of depth and color images of rock blocks, and used SVM 
to accurately classify the rock blocks of different litholo-
gies. On this basis, the accuracy of classification was further 
improved by applying hyperspectral images (Galdames et al. 
2019). From the literature review, only these two studies 
were found on the depth images for the feature extraction 
of rock surface.

This study aims to improve the accuracy of fracture 
extraction of rock surfaces by applying depth images into 
the image processing technology. Due to the low resolution 
of depth images obtained by current sensors, it cannot meet 
the requirements of an exact description of undulating rock 
surface. Thus, the pre-processing of point cloud, data grid-
ding, and hill shading are operated to generate depth images. 
Besides, the depth image and the color image are regis-
tered by properly cutting and modifying the size of images. 
Finally, according to the characteristics of the depth image 
and the color image, suitable image processing algorithms 
are selected and applied to obtain specific fracture extrac-
tions, and the results can be integrated when necessary.

2 � Materials and Methodology

2.1 � Rock Samples and Data Collection

The six rock samples shown in Fig. 1 are prepared from 
5 different types of rocks, including granite, marble, gab-
bro, basalt, and dolomite. They have different rock tex-
ture structures, image color and gray values, and fracture 
distributions. The rock samples are 10 cm × 10 cm × 1 cm 
cuboids with smooth top surfaces, and the fractures are 
resulted from vibration and hammering. The point cloud 
data of the rock sample are obtained by the 3D Systems 
Capture handheld scanner. Point cloud can be promptly 
obtained by connecting to a laptop through a twisted 
pair cable, as shown in Fig.  2. 985,000 points can be 

Table 1   The properties of rock samples

Rock sample Name Category Texture structure Feature

1 Granite Magmatic rock (intrusive rock) Inequigranular texture, megaphyric 
structure

Mineral particles

2 Marble Metamorphic rock Fine-grained structure blocky structure Original cracks, mineral particles, physi-
cal fractures

3 Gabbro Magmatic rock (intrusive rock) Stripe structure, banded structure Stripe zone, original cracks, physical 
fractures

4 Marble Metamorphic rock Interstitial structure, murbruk structure Interstitial minerals miscellaneous miner-
als, physical fractures

5 Basalt Magmatic rock (extruded rock) Stripe structure, stomatal structure Stoma, stripe structure physical fractures
6 Dolomites Sedimentary rock Murbruk structure Miscellaneous minerals physical fractures
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captured in 0.3 s per scan, with a positioning accuracy of 
0.110 mm/300 mm, and a field of view of 124 × 120 mm 
(near) and 190 × 175 mm (far). As for scanning, the rock 
sample is placed on the electric turntable. The turnta-
ble rotates 45° every time until a full-circle rotation is 
reached. The white positioning points in the turntable are 
used for point cloud splicing of different angle scans, and 
subsequently for the registration of color images and depth 
images. In particular, for rock samples with dark surfaces, 
the structure light will be absorbed, and a three-dimen-
sional scanner developer should be applied before scan-
ning. Each scanned point cloud model contains approxi-
mately 360,000 points. Take rock sample 6 as an example, 
Fig. 3. illustrates the four steps of fracture extraction from 
point cloud data: (1) Pre-processing of point cloud; (2) 

Fig. 2   Schematic diagram of 3D Systems Capture work, a configura-
tion of the 3D laser scanning system, b close-up of the turntable and 
rock sample

Fig. 3   Flow chart of fracture extraction from rock surface
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Gridding of disordered point cloud data; (3) Fracture shad-
ing; and (4) Processing of depth image.

2.2 � Generation of Depth Images from Point Clouds

The initial point cloud model contains the overall geometric 
information of the rock block, while the pixel value of a 
depth image only depends on the distance from the target 
surface point to the depth sensor plane. In this study, the 
top surface of the rock sample is taken as the target surface. 
The x–y plane of the global coordinate system is used as the 
depth sensor plane. After adjusting the target surface to be 
parallel to the x–y plane, the z coordinate of the top surface 
point is the distance required to generate a depth image.

The pose of the rock sample is controlled by 6° of free-
dom, that is, the three degrees of freedom of movements 
along the three rectangular axes of x, y, and z, as well as the 
3° of freedom of rotation around these axes. In the point 
cloud global coordinate system, the three degrees of rota-
tional freedom are the roll angles around the x axis, the pitch 
angle around the y axis, and the yaw angle around the z 
axis. To make the target surface parallel to the x–y plane, 
only the rotational freedom needs to be calculated. For two 
three-dimensional points P1 (x1, y1, z1) and P2 (x2, y2, z2), the 
transformation from the point P1 to P2 through the rotation 
matrix R can be expressed as:

The rotation matrix R can be determined by the yaw 
angle, pitch angle, and roll angle, which rotating around 
z, y, and x axes in order. The formula is shown as follows 
(Javed 2020):

Among them, Rx, Ry and Rz are the rotation matrices 
around the x, y, and z axes, respectively.

Next, the least square method is applied to fit a plane to 
the target surface and find the normal vector n of the plane. 

(1)P2 = R × P1.

(2)Rx =

⎡⎢⎢⎣

1 0 0

0 cos(roll) − sin(roll)

0 sin(roll) cos(roll)

⎤⎥⎥⎦
,

(3)Ry =

⎡⎢⎢⎣

cos(pitch) 0 sin(pitch)

0 1 0

− sin(pitch) 0 cos(pitch)

⎤⎥⎥⎦
,

(4)Rz =

⎡⎢⎢⎣

cos(yaw) − sin(yaw) 0

sin(yaw) cos(yaw) 0

0 0 1

⎤⎥⎥⎦
,

(5)R = Rx × Ry × Rz.

The transformation R, that rotates the vector n to coincide 
with the normal vector of the x–y plane, is the rotational 
matrix that could adjust the upper surface of the rock 
model to be parallel to the x–y plane. For this transfor-
mation, the yaw angle is 0 degrees; the pitch angle is the 
angle between the z axis and the projection of the vector 
n on the x–z plane; and the roll angle is the angle between 
the z axis and the projection of n on the y–z plane. The 
analogic operation can convert the side of the rock sample 
to be parallel to the corresponding coordinate plane (x–z 
and y–z plane). In addition to the pose transformation, the 
pre-processing of the point cloud includes another two 
steps: the removal of the outliers and side points.

Compared with the randomness among point clouds, 
that is, the lack of order and arranged relationships 
between points, the pixels of the digital image are arranged 
in order and a certain relationship exists between adjacent 
pixels. Therefore, point cloud gridding is an indispensable 
step in the generation of depth images. In this paper, a data 
gridding method based on kriging interpolation is adopted 
to objectively estimate the unknowns of the regionalized 
variables. The ordinary Kriging interpolation is a method 
based on the theory of variogram, which can compare the 
original data and the semi-variance function. It assumes 
the space attribute z is uniform, and the same mathemati-
cal process is applied for any point (x, y) in the space. The 
interpolation formula is shown below (Matheron 1963):

Among them, (x0,y0) is the estimated value of the point 
(x0, y0); N is the number of points in the sample; λk is the 
Kriging weight coefficient; z(xk, yk) is the true value of the 
point (xk, yk). For a circular neighborhood with a radius 
of r at the point (x0, y0), divide it into 4 sectors with two 
mutually perpendicular diameters, then set the most and 
least sampling points that can be used in the neighbour-
hood and in each sector separately. For the rock surface 
data in this paper, circular neighborhood with a radius of 
0.07 is used, in which the maximum number of sampling 
points in the entire neighborhood is 64, and the maximum 
and minimum sampling points of each sector are 16 and 
8, respectively.

Compared with the traditional interpolation methods, the 
Kriging method not only considers the numerical value of 
the object in the process of data gridding, but also consid-
ers the spatial correlation of the described object, which 
makes the interpolation result more scientific and closer 
to the actual situation. This technique is suitable for any 
surface interpolation with point data. The original depth 
image of the rock sample could be obtained with the grid 
data displayed as a cloud image. Inconsistent color schemes 

(6)ẑ0(x0, y0) =

N∑
k=1

𝜆kz(xk, yk).
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have a slight impact on subsequent fracture extraction and 
the resolution of the depth image is 3000 × 3000 pixels, as 
shown in Fig. 3.

2.3 � Fracture Enhancement

2.3.1 � Hill Shading

The fracture morphology features in the original depth 
image are not evident, and it is difficult to directly extract 
the fractures with image processing algorithms. Hill shading 
is a method to highlight the undulations, distribution, and 
morphological characteristics of the landform through the 
contrast generated by light irradiation. It is usually used in 
the display of landforms on large-scale maps. By taking the 
undulation of the rock sample surface as a small-scale land-
form, hill shading can be applied to significantly enhance the 
fracture characteristics in the depth image.

Illumination is an important factor indicating the effect 
of the hill shading generation and the Phong illumination 
model is the most commonly used model for hill shading. It 
is assumed that the light source is a point light source, and 
the reflection of objects is subdivided into diffuse reflec-
tion and specular reflection. The mutual reflection between 
objects is not considered, and only a constant is used to 
approximate the ambient light. The light intensity can be 
calculated from the following shading function (Hu et al. 
2011):

where Ipa is the ambient light intensity of the object 
(0 ≤ Ipa ≤ 1); ka is the ambient light reflection coefficient of 
the object surface (0 ≤ ka ≤ 1); Il is the light intensity of the 
incident light (0 ≤ Il ≤ 1); kd is the diffuse reflection coeffi-
cient (0 ≤ kd ≤ 1); and i is the light source incident angle; ks is 
the specular reflection coefficient (0 ≤ ks ≤ 1); n is the surface 
glossiness; and γ is the angle between the specular reflection 
direction and the line of sight. For color images, the shading 
function is used to calculate each component of the three 
primary colors. The color lighting model is as follows:

Among them, the meaning of the parameters is similar 
to Eq. (7), which are the components of R, G and B chan-
nels. Since too high or too low light intensity will make 
the image too bright or too dark, resulting in low image 
contrast between fractures and background, in this paper, 
the ambient light intensity Ipa and the incident light inten-
sity Il are both set to 0.1 based on tests. The reflection 

(7)I = Ipaka + Il(kd cos i + ks cos
n �),

(8)

Ir = Iparkar + Ilr(kdr cos i + ksr cos
n �)

Ig = Ipagkag + Ilg(kdg cos i + ksg cos
n �)

Ib = Ipabkab + Ilb(kdb cos i + ksb cos
n �)

coefficient of rock surface is generally between 0.3 and 
0.6. To automate and simplify the shading process, ka, kd 
and ks are all set as 0.5. The value for surface glossiness 
n is related to surface smoothness. For smooth surfaces 
like metal and glass, it is generally more than 100, and for 
rough surfaces like paper, wood and chalk, it is generally 
a number between 0 and 1. For the polished smooth rock 
samples, the value n = 100 is selected.

Most of the parameters in the illumination model are 
constant, while the light source incident angle i is affected 
by the depth value of the grid data. The process of hill 
shading can be described as two steps. First, the grid data 
of the sample surface are divided into micro-units; second, 
the normal vector p of each micro-unit can be represented 
by vectors a and b along with axes x and y (Yang et al. 
2017):

sAmong them, D1, D2, D3 and D4 are the depth values 
corresponding to the four corner points of the micro-unit; 
C1 and C2 are constants. The shading results are more nat-
ural and smooth while the calculation costs more time as 
the size of the micro-units become smaller. In this paper, 
a set of 3 × 3 pixels is selected as the micro-unit.

Then, to determine its gray value, the illuminance 
of each unit is calculated according to the relationship 
between the unit plane and the incident light. As shown in 
Fig. 4, the oblique parallel light S is irradiated on the x–y 
plane at an altitude angle θ. OS’ is the projection of OS on 
the x–y plane. The angle between OS’ and the true north in 
clockwise is the azimuth α. ON is the normal vector of the 
plane, and the angle between the normal ON and the light 

(9)

→

a =

⎡⎢⎢⎣

ax
ay
az

⎤⎥⎥⎦
=

⎡⎢⎢⎣

C1

0
[(D4−D1)+(D3−D2)

2

⎤⎥⎥⎦
,
→

b =

⎡⎢⎢⎣

bx
by
bz

⎤⎥⎥⎦
=

⎡⎢⎢⎣

0

C2
[(D2−D1)+(D3−D4)

2

⎤⎥⎥⎦

(10)→

p =
→

a
→

×b

Fig. 4   The geometric principle of the shading method
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OS is i. Then, the components of the vector S in the three 
axial directions can be expressed as follows:

In addition, the incident angle i of the light source satis-
fies the following relationship:

Substituting the above relations into the illumination 
model for calculation, the illuminance of the surface 
micro-unit under a certain illumination can be obtained. 
The illuminance is converted to grayscale, afterwards, the 

(11)

Sx = − cos � ⋅ cos �

Sy = cos � ⋅ sin �

Sz = sin �.

(12)

cos i =
Sx(aybz − azby) + Sy(azbx − axbz) + Sz(axby − aybx)√

(aybz − azby)
2 + (azbx − axbz)

2 + (axby − aybx)
2

.

halo rendering is established according to the principle of 
illumination and shadow.

2.3.2 � Selection of Azimuth and Altitude Angle

The shading effect of fractures directly determines the 
accuracy of fracture extraction. In the shading method, the 
two essential inputs are the azimuth and the altitude angle 
of the parallel light. When the parallel light irradiates from 
the tangential direction at the altitude angle θ and the azi-
muth α, the blind region of the parallel light exists which 
contains the fracture exceeding half of the actual fracture 
width L, and the shading width of the fracture is L1; When 
the parallel light is irradiated from the tangential direction 
at the altitude angle θ and the azimuth α + 180° instead, 
the blind region of the parallel light contains the fracture 
that exceeds half of the actual fracture width L from the 
opposite direction, and the shading width of the fracture is 
L2. When the sum of L1 and L2 is greater than L, the frac-
ture is completely shading, as shown in Fig. 5b. Moreover, 

Fig. 5   Schematic diagram of the fracture under tangential and axial parallel light irradiation, a, b parallel light tangential to the fracture, c, d 
parallel light axial to the fracture
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when the parallel light is irradiated on the fracture axially, 
the entire fracture is illuminated and no shadow presents. 
Therefore, the optimal fracture azimuth is the two opposite 
tangential directions of the fracture. As shown in Fig. 6, 
the shading images of the fracture in the red region are 
illustrated with an azimuth of 45° and 225°, respectively. 
However, it can be found that the shading effect of the 

fracture at 225° is much better than that at 45°, because 
there is a height difference on both sides of the fracture.

Under the influence of inhomogeneous stresses or the 
inhomogeneity of the rock sample itself, the displacement 
of both sides of the fracture differs during the fracturing pro-
cess. The existence of the height difference affects the shad-
ing effect of the fractures. As shown in Fig. 7a, the height 

Fig. 6   Shading image of sample 6 at an azimuth of 45° and 225°
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difference on both sides of the fracture is small, and the 
shading effect of the fracture is similar to that of no height 
difference. However, it can be seen that if the altitude angle 
θ keeps increasing, the sum of the lengths of L1 and L2 will 
be less than L, and at the same time, the fracture will split 
into two parallel fractures; In Fig. 7b, the height difference 
between the two sides of the fracture is large, and the entire 
fracture is located in the blind area of the left of parallel 
light. At this time, the fracture is enlarged, and a certain 
degree of misdetection in the fracture would be indicated, 
which is also shown in Fig. 6. Therefore, the selection of 
the altitude angle θ for shading should be manually per-
formed and examined to satisfy the following geometric 
relationships:

Among them, h1 is the depth of the fracture, and h2 is the 
height difference on both sides of the fracture.

2.4 � Depth Image Processing

The first three rows of images in Fig. 8 show different color 
schemes for the depth image after shading. The bimodal 
features are obvious in the three histograms. The first peak 
is relatively low, which is the gathering region of fracture 
pixels; the second peak is higher, which is the gathering 
region of smooth features on the rock sample surface. As 
the gray histogram of the color image has only one peak 
which indicates that the fracture pixels are scattered in a 
considerable dynamic range, it is difficult to extract frac-
tures completely and noiselessly by the threshold segmen-
tation method.

According to the two-mode histogram method 
(Qian and Huang 1996), if the image gray histogram is 

(13)arccot

(
L

2(h1 + h2)

)
≤ � ≤ arccot

(
L

h2

)
.

double-peaked, the lowest point between the double peaks 
is selected as the threshold for image segmentation. In 
addition, the depth image generated by this method has two 
other features:(1) Large amounts of salt and pepper noise 
exists in the image;(2) The depth images generated under 
each azimuth have their own advantages and disadvantages 
for the expression of different fractures. Therefore, the frac-
ture extraction algorithm of the depth image should include 
the following two main steps:

(a) Iterative median filtering. Since the surface of 
the rock sample cannot be flawless, and the subtle con-
vex and concave structures can be identified by hand-
held point cloud scanning, the depth image has salt and 
pepper noise on it. Median filtering is a nonlinear sig-
nal processing technology that can effectively suppress 
noise based on the ranking statistical theory. The basic 
principle of median filtering is to replace the value of 
a point in a digital image with the median value of its 
neighbourhood, so that the surrounding pixel values are 
close to the true value, thereby eliminating isolated noise 
points (Wang 1992; Kumar and Sodhi 2020). To achieve 
zero noise in the binarized depth image, iterative median 
filtering is performed on the image in this study. The ter-
mination condition of the iteration is: all the pixel values 
in the image no longer change when median filtering is 
performed.

(b) Fusion of depth image binarization results under 
different azimuths. Any single shading image under a cer-
tain azimuth for fracture extraction will cause incomplete 
extraction and any fracture must be clearly portrayed under 
a certain azimuth. This example performs unified image 
segmentation on the depth images under four azimuths 
(45°, 135°, 225° and 315°), superimposes four binarized 
images, and uses closing operations and filling holes 
to obtain the final depth image. The fracture extraction 
results are shown in Fig. 3. This operation can ensure no 
fracture lost with iterative median filtering.

Fig. 7   Schematic diagram of shading fractures with height difference, a small height difference, b large height difference
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3 � Results

To quantitatively discuss the accuracy of fracture extraction 
in color images and depth images, all the recognition results 
are converted from binary images to fracture skeletons 

through image thinning algorithms, as shown in Fig. 9. The 
entire process from the rock sample to the fracture skeleton 
by the proposed method takes about 1 min. The rock surface 
truth is obtained by hand-drawing. The physical fractures 
and the fracture-like curvilinear structures are indicated in 

Fig. 8   Gray histogram of the 
rock sample (the first three rows 
are the grayscale histograms 
of different depth image color 
schemes, the fourth row is the 
grayscale histogram of the color 
image)
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red and blue, respectively. The standard fracture skeleton 
is obtained by skeletonizing the red physical fractures of 
the rock surface truth. The extraction algorithm of the color 
images will be introduced in Sect. 3.3.

3.1 � Quantitative Evaluation Index of Fracture 
Skeleton

Three quantitative parameters are proposed: the positive 
detection rate PDR, the error rate ER, and the missed detec-
tion rate MR of the fracture skeleton. The formulas are 
expressed as follows:

Among them, Np represents the positive detection pixels, 
which is defined as the number of pixels in the skeleton to be 
evaluated that match the standard fracture skeleton. Ne is the 
number of error pixels, Nm is the number of missed detec-
tion pixels, Nr is the total number of pixels of the standard 
fracture skeleton (only the red area is counted), and Nd is the 
total number of pixels of the skeleton to be evaluated. The 
relationship among these parameters is clarified in a Venn 
diagram (Fig. 10). However, considering that all fracture 
skeletons are single pixel, in the process of binary image 
skeletonization, some pixels will shift inevitably. Therefore, 
an approximation method is used to estimate Np: a recon-
structed fracture network is obtained by dilating standard 
fracture skeleton with structural elements of 15 pixels; then, 
the pixels of the skeleton to be evaluated that fall in the frac-
ture network are regarded as Np.

3.2 � The Influence of Shading Azimuth 
on the Results of Fracture Extraction

The altitude angle used for the cases is 45°. The 8 azimuths 
are divided into four groups with an angle difference of 
180°, respectively, and stacked along the direction of 45°, 
225°, 135°, 315°, 0°, 180°, 90°, 270° in order. The above-
mentioned depth image processing method is applied and 
a shading image is added each time to obtain the fracture 

(14)PDR =
Np

Nr

,

(15)ER =
Ne

Nr

,

(16)MR =
Nm

Nr

.

skeletons and calculate the PDR and ER. The results are 
shown in Fig. 11. When only the 45° depth image is used, 
the positive detection rate (PDR) of fracture extraction is 
low. Because the altitude for fractures of the rock sample 
surface is too large which results in insufficient shading of 
the fractures and leads to missed detection. As the number 
of fractures increases, the proportion of the fracture skeleton 
extracted from a single shading image will decrease. When 
the four fracture shading images are used together, i.e., the 
shading images at 45°, 225°, 135°, and 315°, the integrity of 
the fractures is close to the optimal solution. Nevertheless, 
adding more shading images will not effectively increase 
PDR, but waste computing resources. Particularly, as for 
rock sample 2, the PDR decreases when the 135°shading 
image is added. There are only two fractures in the image, 
and the long one has a large difference in height between the 
two sides, which results in deviations in the actual fractures. 
However, the error can be corrected by the subsequent super-
imposed shading images. It can be found from Fig. 11(b) 
that the error detection rate (ER) increases with the growing 
of number of depth images used. When 1–4 depth images 
were used, the error detection rate increased greatly, while 
the curve became flat after 4 images. In particular, for Case 
1, since few fractures exist on the rock sample surface and 
there is almost no height difference between both sides of 
the fractures, its error detection rate is always 0. Therefore, 
only four depth images are processed in this paper.

3.3 � Comparison with Fracture Extraction Results 
from Color Images

3.3.1 � Color Image Processing Algorithm

The resolution of the generated depth image is 3000 × 3000 
pixels. The color image taken by the Canon EOS 5D Mark 
IV camera is adjusted to the same resolution, since the pixels 
of the color image and the depth image are exactly matched, 
and the same pixels are used to represent the information of 
the same area.

Most color images of the rock surface have the follow-
ing features: a large amount of information, rich gray lev-
els, numerous noises, low contrast between information, 
and curvilinear fractures. In addition, most fracture pixels 
have small gray values. If the grayscale ranging from 0 to 
M (M > 10) are defined as the dark region of an image (M is 
the gray scale with the highest occurrences), the main frac-
ture skeleton pixels are distributed in dark regions. Based 
on the above features, an automatic extraction algorithm of 
rock mass fracture, based on image dark region curvilinear 
structure enhancement (DRCSE), is proposed for data col-
lection. In the image pre-processing stage, this algorithm 
mainly depends on the curvilinear structure enhancement 
filter Frangi et al. (2000). It uses the homomorphic filtering 

Fig. 9   Extraction results of fracture skeleton (the red marks are physi-
cal fractures, the blue marks are fracture-like structures, the green 
marks are missing detections in color image results)

◂
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coupled with Gamma transforming to improve the contrast 
of dark regions with reduced noise. Thus, the fracture skel-
eton of the rock surface image could be accurately extracted 
through this method. Particularly, to obtain the most suitable 
value of Gamma transform parameter for different rock sur-
face images to enhance dark regions contrast, a new edge-
entropy (EE) index is proposed to describe the quality of 
the contrast-enhanced image. Particle swarm optimization 
is utilized to calculate the value of Gamma transforming 
parameters that maximize the EE index. The EE index is 
defined as follows (Tang et al. 2021):

where g(r,c) is the image after Gamma transforming, E() is 
the number of edge pixels detected by the Canny operator, 
and H() is the one-dimensional gray entropy of the image.

In the image segmentation stage, the maximum entropy 
method is used to select a threshold automatically to binarize 
the image. Finally, the result of fracture skeleton extraction 
could be obtained by residual noise reduction through area 
thresholds, opening and closing operations to fill tiny holes, 
morphological skeleton extraction, and finally the skeleton 
burr removal.

3.3.2 � Discussion

The fracture skeleton PDR, ER and MR recognized from 
the color image and depth image are shown in Table 2. The 
typical feature of sample 1 is the three mineral particles. 
Few fractures can be detected through image processing, 
and some reasons can account for this: the fracture width 
is extremely small, the fractures are hidden among various 
minerals, and the colors of both the fractures and mica are 
black. In comparison, the fracture skeleton extracted from 

(17)EE = ln(E(g(r, c))) × H(g(r, c)),

Fig. 10   Venn diagram of Np Ne, Nm, Nr and Nd

Fig. 11   The influence of adding depth images on the result of frac-
ture extraction, a the relationship between the used depth images 
of all azimuths and PDR of the fracture skeleton, b the relationship 
between the used depth images of all azimuths and ER of the fracture 
skeleton

Table 2   PDR, ER and MR of rock samples

The significance of bold in the table is the emphasis on higher PDF of 
fractures extracted from depth images

Rock sample Image category PDR ER MR

Rock sample 1 RGB 0.0697 2.0177 0.9290
depth 0.9817 0.0000 0.0183

Rock sample 2 RGB 0.8323 0.8654 0.1677
depth 0.9709 0.0543 0.0291

Rock sample 3 RGB 0.6163 5.1786 0.3837
depth 0.9502 0.1032 0.0498

Rock sample 4 RGB 0.8926 3.1024 0.1074
depth 0.9784 0.1235 0.0216

Rock sample 5 RGB 0.6810 0.9526 0.3190
depth 0.9909 0.1639 0.0091

Rock sample 6 RGB 0.3109 0.8632 0.6891
depth 0.9621 0.0688 0.0379
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the depth image is almost noise-free with high fracture 
integrity, because the regions other than fractures in the 
rock sample is smooth, and the iterative median filtering is 
adopted for depth image processing. For all rock samples, 
the positive detection rate of depth images exceeds 95% and 
the average error rate is only 8.57%. The main source of 
error is skeleton burrs, which can be further optimized by 
burr removal algorithms if necessary.

The error rate of the fracture skeleton obtained from 
the color image is relatively high due to the following two 
reasons: (a) Non-curvilinear features are fragmentarily 
extracted and processed, which results in more noise. (b) 
Curvilinear features, such as the original cracks and the 
interstitial minerals, have also been detected and processed, 
but not been included in the standard fracture skeleton. The 
positive detection rate of the fracture skeleton obtained from 
the color image is generally low, with only rock samples 2 
and 4 exceeding 80%, because these two rock samples have 
large fracture width, simple image information, high contrast 
between the features, and no influence from micro-cracks. 
Except for these two samples, abundant missed detections 
are found in other images.

For rock samples 2, 3, 4, if the color image skeleton and 
the depth image skeleton are fused and the skeleton source is 
represented by different colors, a classified fracture skeleton 
can be obtained. In the future numerical modelling process, 
specific material properties could be assigned to correspond-
ing fracture skeletons, to make the numerical simulation 
results closer to reality.

3.4 � Overall Performance of the Proposed Method

The main contribution of this method is to enhance the color 
image of the fractures using the depth image for the first 
time. Compared with the fracture extraction algorithm based 
only on the digital image, it has two distinct advantages:(a) 
The integrity and accuracy of the fracture skeleton are exten-
sively improved, and color images can be supplemented to 
recognize broken or missed fractures; (b) Combined with 
the color image processing results, the pixel backtracking 
algorithm can distinguish curvilinear structures, which can 
provide a more accurate basis for subsequent numerical 
modeling and calculation.

Yet, several problems exist: (1) The recognition of exist-
ing features of rock samples can only be provided by color 
images, thus fractures and other curvilinear structures can 
only be distinguished when the fracture skeleton extracted 
from the color image is accurate. However, the DRCSE algo-
rithm for color image processing is not reliable for images 
with intense information and extremely low contrast. (2) The 
rock samples used in this article are regular with smooth 
surfaces. Whereas for large-scale rock masses and other lab-
oratory-scale rock samples, the fractures are more likely to 

exist on a rough surface. Thus, more noise and interference 
are unavoidable with this method. (3) When the generated 
depth image and the color image are simply registered, there 
will be an offset of about 10 pixels that cannot be detected 
by human eyes.

Hence, in the future, the fracture extraction method could 
be improved from two perspectives: enhancing the effect of 
the existing fracture extraction algorithm, and expanding the 
information sources. For color image processing algorithms, 
artificial intelligence related technologies can be introduced 
to enhance the robustness of image processing algorithms. 
For the depth image extraction algorithm, continuous 
improvement is required to develop the recognition of rock 
mass discontinuities at the engineering scale. In addition, 
proper integration of the two results worth more attention. 
Finally, other more accurate registration techniques need to 
be developed to adjust the pixel shift.

4 � Conclusions

In this paper, a fracture extraction method for laboratory-
scale rock samples is proposed using the image processing 
algorithms based on the point cloud. The disordered depth 
value of point cloud is obtained through the pose transfor-
mation of the rock sample model, and a high-precision and 
ordered preliminary depth image is then generated through 
the Kriging interpolation. Next, to clarify the fractures in 
the depth image, the rock sample is irradiated with parallel 
light from 4 angles through the hill shading method. Finally, 
according to the characteristics of the depth image histo-
gram, an image processing algorithm is used to accurately 
extract the fractures. This method combines the advantages 
of clear fractures in point cloud data and mature image pro-
cessing algorithms. The average accuracy of fracture recog-
nition exceeds 95%, which provides a new idea for extract-
ing fractures in various destructive experiments of rock, and 
may be further developed with deep learning for extracting 
the discontinuity features under typical engineering scale.
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