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Abstract

Multiform fractures have a direct impact on the mechanical performance of rock masses. To accurately identify multiform fractures,
the distribution patterns of grayscale and the differential features of fractures in their neighborhoods are summarized. Based on this, a
multiscale processing algorithm is proposed. The multiscale process is as follows. On the neighborhood of pixels, a grayscale continuous
function is constructed using bilinear interpolation, the smoothing of the grayscale function is realized by Gaussian local filtering, and
the grayscale gradient and Hessian matrix are calculated with high accuracy. On small-scale blocks, the pixels are classified by adaptively
setting the grayscale threshold to identify potential line segments and mini-fillings. On the global image, potential line segments and mini-
fillings are spliced together by progressing the block frontier layer-by-layer to identify and mark multiform fractures. The accuracy of
identifying multiform fractures is improved by constructing a grayscale continuous function and adaptively setting the grayscale thresh-
olds on small-scale blocks. And the layer-by-layer splicing algorithm is performed only on the domain of the 2-layer small-scale blocks,
reducing the complexity. By using rock mass images with different fracture types as examples, the identification results show that the
proposed algorithm can accurately identify the multiform fractures, which lays the foundation for calculating the mechanical parameters
of rock masses.

Keywords: Visible light rock-mass images; Continuous grayscale function; Small-scale blocks; Multiform fractures

1 Introduction

Multiform fractures widely exist in the rock masses
around the face of the tunnel boring machine (TBM).
The location, size, and direction of these fractures are ran-
domly distributed, and their distribution characteristics
describe the network structure of rock masses, which is
the basis for predicting the mechanical properties of rock
masses. Cui et al. (2009) proposed a high-order multiscale
method for evaluating rock mechanical parameters based
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on the statistical distribution model of fractures in rock
masses (Li & Cui, 2005; Yu et al., 2009; Cui et al., 2009).
Therefore, to quickly calculate the mechanical parameters
of rock masses, accurately identifying and marking frac-
tures on the rock masses have become one of the most
urgent problems.

The fractures in the rock mass surface are primarily
detected by hand-held field measurements, but due to the
intricate construction environment, hand-held measure-
ments are labor-intensive and time-consuming, with a cer-
tain degree of danger. Meanwhile, the measured data
often cannot be stored in real-time, which is not convenient
for timely statistical analysis and processing. With the
development of digital image acquisition and processing
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technology (Deb et al., 2008; Li et al., 2011; Azarafza et al.,
2021; Liu et al., 2021; Zheng et al., 2022), contactless mea-
surement techniques based on visible image photography
(Buyer et al., 2020; Zhang et al., 2019b) and 3D laser scan-
ning (Feng & Roshoff, 2015; Li et al., 2019; Slob et al.,
2005), have been applied to identify the fractures of rock
masses (Azarafza et al., 2019; Kemeny & Post, 2003; Leu
& Chang, 2005; Tang et al., 2021a, 2021b; Zhang et al.,
2021). Table 1 presents several representative methods
and their advantages.

The fractures identified using 3D point cloud data are
more easily matched with the construction’s 3D spatial
position due to the inclusion of spatial position coordinates.
However, this method often results in larger data volume
and more complex computation process. In contrast, visible
light images offer high resolution and low cost, with well-
established processing techniques. Many scholars have
studied the fracture identification algorithm from images
and achieved a series of results (Reid & Harrison, 2000;
Scucka et al., 2006; Guo et al., 2012; Leng et al., 2021;
Chen et al., 2021, 2022; Lei et al., 2021; Lee et al., 2022;
Yuan et al., 2022).

The identification of multiform fractures from visible
light images is primarily dependent on the variation of
grayscale pixels. Commonly used methods include edge
detection (Reid & Harrison, 2000; Tan et al., 2016; Lee
et al., 2022) and threshold segmentation (Pun, 1980; Yue
et al., 2003; Talab et al., 2016; Zhang et al., 2019c¢). Classi-
cal edge detection operators, including Roberts (Roberts,
1963), Canny (Canny, 1986), Sobel (Kanopoulos et al.,
1988), and Laplacian (Haralick, 1984; Wang, 2007), com-
pute the grayscale derivative and Hessian matrix by
directly analyzing the grayscales of discrete pixels. Lemy
and Hadjigeorgiou (2003) compared the effect of the above
classical detection operators in differently exposed rock
images. And then, they extracted traces of discontinuities
and analyzed the resulting network of discontinuities
(Lemy & Hadjigeorgiou, 2003, 2004). Wang and Liang
(2015) obtained the center lines from grayscale images by
using the Hessian matrix and Steger tracking method.

Table 1
Some representative methods for the identification of fractures.

Leng et al. (2021) proposed an algorithm for trace extrac-
tion and grouping to evaluate the rock masses using digital
images. Tang et al. (2021a) proposed a dark region curvi-
linear structure enhancement algorithm for rock fracture
skeleton extraction. However, these methods are primarily
suitable for extracting linear structures.

Based on image edge detection, Azarafza et al. (2019)
classified rock discontinuities into two categories, open
and closed, and simulated the seating and shape of discontin-
uous geometric blocks in rock structures by combining 2D
and 3D analysis. Liang (2016) extracted the fracture area
from the rock mass images, and further generated the frac-
ture skeleton for roughness and distribution analysis by
using the threshold segmentation method. Yang et al.
(2021) proposed an algorithm for the automatic identifica-
tion of rock discontinuities based on local histogram equal-
ization, combining area growth and Hough transformation.

The algorithms mentioned above are primarily designed
for linear fractures or fillings, rather than multiform frac-
tures. These algorithms use grayscale convolution of dis-
crete pixels to calculate grayscale gradients and Hessian
matrices. However, the resulting gray gradients and Hes-
sian matrices have large biases, making the identification
algorithm effective only for images with low noise and high
contrast between the fractures and the background. This
limitation is not conducive to accurately calculating rock
mechanical parameters in subsequent analyses.

In this paper, a new multiscale method is proposed to
effectively identify multiform fractures and filling clusters.
First, this study analyzes the graphic features of multiform
fractures and filling clusters, as well as macro—micro-
mesoscopic noises in the images. And a multiscale identifi-
cation framework by partitioning the global image into a
set of small-scale blocks is proposed. Second, in the micro-
scopic neighborhood of each pixel, a continuous grayscale
function is constructed using bilinear interpolation on finite
element methods (FEM) to implement the local filter.
Third, on each small-scale block, the threshold values are
adaptively determined, then the pixels are classified, and
the mini-line segments and mini-fillings are identified.

Methods

Advantages

3D point cloud data

Umili et al. (2013)
Ge et al. (2018)
Guo et al. (2019)
Zhang et al. (2019a)

Matches the
construction’s 3D
spatial position

Zhang et al. (2020)

2D visible light images

Hadjigeorgiou et al. (2003, 2004)
Hong et al. (2017)

Azarafza et al. (2019)

Lei et al. (2021)

High resolution,
low cost,
easy to process

Chen et al. (2021)
Yuan et al. (2022)
Chen et al. (2022)
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Finally, in the global image, the multiform fractures and
filling clusters are numerically spliced and marked by the
pattern of progressive carrying small-scale block frontier
forward.

The main contributions of this paper are concluded as
follows:

(1) Considering the diversity of fractures and the com-
plexity of rock mass images, it improves the situation that
previous fracture identification algorithms only focused on
a single type of fracture, which contributes to calculating
the rock mechanics parameters.

(i1) Summarizing the distribution patterns of grayscale
differential features of each type of fracture in its neighbor-
hood, the operators of grayscale differential features are
improved by constructing a grayscale continuous function,
which reduces the computational bias and improves the
accuracy of fracture identification.

(iii) By segmenting the image into a series of small-scale
blocks and adaptively setting the grayscale brightness and
darkness thresholds, the accuracy of identifying multiform
fractures is improved, and the splicing algorithm is per-
formed on only 2 layers, which reduces the computational
complexity.

The rest of this paper is outlined as follows: Section 2
analyzes the basic features of rock mass images and briefly
introduces the multiscale identification method; Section 3
explains the construction of the continuous grayscale func-
tion and demonstrates the operators for calculating grays-
cale gradient and Hessian matrix; Section 4 provides
detailed processing of the multiscale algorithm for identify-
ing and marking the multiform fractures; In Section 5, the
effectiveness of the multiscale algorithm is verified; Sec-
tion 6 gives conclusions.

2 Multiscale analysis of the rock mass images
Not only multiform fractures but also some macro—

micro-mesoscopic noises appear in the rock mass images.
In this section, the morphologies and geometric characteris-

(b)

tics of fractures are analyzed, and the framework of a
multiscale method for identifying and marking fractures is
shown.

2.1 Analysis of rock-mass images

The rock mass images are collected by TBM wearable
single lens reflex (SLR) camera. Generally speaking, a rock
mass image is composed of millions to tens of millions of
pixels, and it may contain macro—micro-mesoscopic noises
as the result of the limited construction environment and
abrasion caused by the TBM cutters. Despite the presence
of noises in the rock mass images, it is still possible to iden-
tify dispersive fractures and clusters with various mor-
phologies that are hidden within the rock masses. These
can be described as follows:

(A1) Closed fractures. They are the bright or dark line
segments with a certain length and without measurable
width, see Fig. 1(a).

(A2) Filled fractures. They are the strip-form structure
with a certain length, a measurable width, and have 2 obvi-
ous edges. And there exist some serried clusters with dark
or bright mini-fillings between 2 edges, see Fig. 1(b).

(A3) Open fractures. They are the strip-form structure
with a certain length, a measurable width, and 2 obvious
edges. But there are no fillings between 2 edges, see
Fig. 1(c).

(A4) Isolate clusters of non—homogenous fillings. They
are composed of the serried dark or bright mini-fillings,
and have no obvious edges.

All of the above multiform fractures and filling clusters
directly influence the mechanical performance of the rock
masses by their configuration, morphology, and distribu-
tion. For example, the bear load pattern of closed fractures
differs from that of filled fractures, which in turn differs
from that of open fractures. Additionally, the bear load pat-
tern of filled fractures with different widths and orientations
also varies. As the mechanic performance of rock masses is
evaluated utilizing the statistical high-order multiscale

(c) (d)

/4

)L

(e) U]

@ (h)

Fig. 1. Typical fracture forms in rock images and their patterned morphology. (a) Closed fractures, (b) filled fractures, (c) open fractures, and (d) pseudo

fractures; (¢)—(h) are the geometric morphology corresponding to (a)—(d).
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method (Li & Cui, 2005; Yu et al., 2009; Cui et al., 2009),
the morphologies and distribution of multiform fractures
should be determined as precisely as possible. Therefore,
it is necessary to subtly identify and mark the multiform
fractures from rock mass images. In the tunnel construction
process, some pseudo fractures and clusters with mini-
fillings may be made by the TBM cutters, see Fig. 1(d).
Their distributions exhibit regularity, with similar sizes
and nearly identical geometric forms and orientations.
Thus, most of them can be eliminated according to the
above geometric features.

To effectively identify and mark the multiform fractures
and filling clusters mentioned above, it is needed to further
check the grayscale characters for every type of fractures.

2.2 Grayscale characters of multiform fractures and filling
clusters

From the rock mass images, it can be seen that the mul-
tiform fractures exhibit a grayscale distribution with dis-
tinct properties, which implies that the pixel grayscales,
grayscale gradient, and Hessian matrix in its vicinity have
particular characters as follows:

(B1) Closed fractures. The grayscale values of pixels
located on a closed fracture are either higher than the
bright threshold value or lower than the dark threshold,
and remain relatively stable. However, the grayscale gradi-
ent changes sharply in the vicinity, and the direction is par-
allel to the fracture line. Furthermore, the two eigenvalues
2;i(i = 1,2) of the Hessian matrix on the fracture have a sig-
nificant difference, and the eigenvector 7'} corresponding to
/1 follows the fracture line, where A] = min(|4,|, |42]).

(B2) Filled fractures. Edges of filled fractures have geo-
metric characteristics similar to closed fractures. Between 2
edges, there are some serried clusters of bright or dark
mini-fillings, which are composed of pixels with grayscales
that exceed the bright threshold value or fall below the
dark threshold.

(B3) Open fractures. Both of the edges of an open frac-
ture have geometric characters similar to the closed frac-
ture, and there are no fillings between 2 edges.

(B4) Isolate filling clusters of non—homogenous fillings.
An isolated filling cluster is composed of serried bright or
dark mini-fillings.

To identify and mark closed fractures, open fractures,
filled fractures, and mini-fillings, it is important to first
understand their structural characteristics. Once this
understanding is established, the following operations
should be executed sequentially.

(C1) In microscope, the grayscale, grayscale gradient,
and Hessian matrix of each pixel in its neighborhood are
analyzed to determine the pixel’s classification (as detailed
in Section 4).

To examine whether the pixel grayscale is greater than
the bright threshold value, whether the grayscale gradient

sharply changes in its micro-neighborhood, and whether
the two eigenvalues of the Hessian matrix have a significant
difference. If all are yes, then the pixel is specified as the
bright-line pixel. Similarly, some pixels are classified as
dark-line pixels.

If the grayscales of all pixels in the neighborhood of a
pixel exceed the bright threshold value, that pixel is classi-
fied as a bright-filling pixel. Similarly, some pixels are clas-
sified as dark-filling pixels.

(C2) In the meso-scope, adjacent bright-line pixels are
assembled one by one to form a bright mini-line segment,
while adjacent dark-line pixels are assembled to form a
dark mini-line segment. Similarly, adjacent filling pixels
are assembled to form a bright or a dark mini-filling.

(C3) In the macroscope, mini-line segments that are
close to each other are assembled together one by one to
form a longer bright or dark line segments. And the same
process is used to form filling clusters by assembling nearby
bright or dark mini-fillings together.

2.3 Framework of the multiscale identification method

Rock mass images typically contain millions to tens of
millions of pixels, but only a small portion of those pixels
are located on closed fractures or the edges of open or filled
fractures. When adding the pixels in bright and dark mini-
fillings together, the total amount of all pixels is still rela-
tively small compared to the overall number of pixels. As
a result, identifying and marking fractures in the entire glo-
bal image may lead to excessive memory usage, and unnec-
essary computing. Therefore, to suppress the grayscale
noise in the image and reduce the identification complexity,
a multiscale algorithm for identifying and marking the
multiform fractures is proposed. Its key points are the
following:

Step 1. Partition global image into a set of small-scale
blocks. Let Q be the global image with M x N discrete pix-
els, 1(Q) = {I(xm,y,), | <m<M,1<n<N}. And then
partition Q into the set of K x L non-overlapping small-
scale blocks, that is, Q = Uf‘lLQk;, and each Qy, consists of
(Mk — Mk—l) X (N[ _Nl—l) piX€1S.

Step 2. Identify and mark on small-scale blocks. For
each @y, its pixel grayscales can be extracted as follows:

I(Qu) ={I(x1,y;), i=Mia+1,-- My, j=N_1+1,--- N},

(1)
and then execute the following operations:

e Adaptively set the bright and dark threshold values on
le.

e Construct a continuous grayscale function using the
bilinear interpolation in the neighborhood of each pixel.
Additionally, Gauss filter is implemented as an example
to suppress noise and to accurately calculate grayscale gra-
dient and Hessian matrix. Please refer to Section 3.2 for
further details.
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e Classify the pixels in Qy; into the bright-line pixels, the
dark-line pixels, the bright-filling pixels, the dark-filling
pixels, and others according to rule (C1).

e Assemble the bright line pixels together to form a
bright mini-line segment one by one, and adjacent dark-
line pixels are assembled to form a dark mini-line segment.
Similarly, adjacent filling pixels are assembled to form a
bright or a dark mini-filling. The detailed process is
described in Section 4.1.

Step 3. A method is proposed for splicing and marking
multiform fractures in a global image, involving progres-
sive small-scale block frontier forward layer-by-layer.
Refer to Fig. 2 for a schematic representation of this pro-
gressive process.

o First, take the small-scale block €2, as a starting point,
and execute the classifying and assembling operations on
Q; in Step 2, and put Q;; into the spliced domain
05 = Q1. And then, take blocks Q),,2,, and €, as the

splicing frontiers 05" = Q, U 25 U ©,,, and Q5 U 05" com-
pose a splicing domain. Then turn to Step 4 to execute the
splicing and marking operations on Q5 U O5".

e Further, the splicing and marking operations are
extended to a new spliced domain Q; = Q, U Qx» U Q5
and a new splicing frontier O = Q13U Q3 U 233U Q3
UL, to form a new splicing domain Q5 U O5". And then
turn to Step 4 below to execute the splicing and marking
operations on the new Q; U 05".

e Recursively, progressively carry small-scale block
frontier forward, then the k-th spliced domain is
05 = (Ul Qu) U (U2} Qu), and the splicing frontier

3= (Ul Quet ) U (U Q1)) and to form a new splic-
ing domain Q; U Q5", and turn to Step 4 to execute the
splicing and marking operations on Q5 U 05"

e Until all small-scale blocks of Q are traversed, which
means that there is no small-scale block needed to be
spliced in image Q.

Q3: The spliced layer
Q5": The splicing frontiers layer

k-th spliced layer

Q3: (Vs Q1) v (VIS Q)

Q3% (U Quer) U (Ui Qrv11)
3rd spliced layer
Q3: (Ui, 213) U (UFLy 23)
Q3" (Ufzs 2u) U (Ui 241)

g}
2nd spliced layer 013 -023
Q3: 0242, Q32,234 -~ 2/ o
Q3": 3, 223, V33, 231, 232, 233 |12 32

-

1st spliced layer
Q3: 241
Q3" 212, 232, 22,

—1
'Qll 021 ‘(231

Mg =M

Fig. 2. Schematic of the progressive process on the image Q.

Obtain Visible-Light
Rock-Mass Images

To partition image into a set of
small-scale blocks {024;}

Global Image 2,
Splicing by progressive
small-scale blocks frontier

!

Pre-processing on local

Identification on (2,

i
Data organization i
i
i

l

Constructing a continuous
grayscale function

Define thresholds of the
grayscale and grayscale gradient

Splicing the bright
multiform fractures

neighborhoods 23 or 25, i

l

’ Grayscale filter ‘

Classification of pixels

l

Splicing the mini-
fillings

smoothing

|

!

grayscale gradient

Identification of mini-line i
segments

tiny fractures

‘ Calculation of the ‘

l

l

Identification of mini-fillings

Confirm and record

Calculation of the Hessian
matrix

i
i
Remove the pseudo, i
i
i
i

Fig. 3. Schematic of the multiscale identification algorithm.
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Step 4. To splice and mark multiform fractures on a
splicing domain Q; U Q5".

e For each small-scale block belonging to the splicing
frontier O5", execute the classifying and assembling opera-
tions specified in Step 2 to form the bright mini-line seg-
ments, dark mini-line segments, bright mini-fillings, and
dark mini-fillings.

o In the splicing domain Q5 U 05", splice and mark the
closed fractures, open fractures, filled fractures, and filling
clusters. And the detailed process is in Section 4.2.

Once splicing and marking operations on Q; U Q5" are
complete, a closed fracture that has been spliced and cur-
rently does not contain any pixels belonging to 05, is con-
sidered a completed closed fracture. Similar judgments for
spliced open, filled fractures, and filling clusters.

To sum up, the schematic of the multiscale identification
algorithm is shown in Fig. 3.

3 Local filtering and calculation templates

Previous filter algorithms for identifying fractures from
rock mass images are constructed based on the convolution
operation of discrete pixels, as well as the calculation of
grayscale gradient and Hessian matrix. However, the preci-
sion of the integral calculus is only equivalent to the trape-
zoidal numerical integral in mathematics. As a result, when
larger local noises are present in the images, the computing
results of the convolution filter, particularly the grayscale
gradient and Hessian matrix, may exhibit larger biases,

Y. Pan et al. | Underground Space 16 (2024) 279-300

which directly impact pixel classification. Therefore, this
section will discuss how to construct a continuous grays-
cale function to precisely calculate the convolution filter,
grayscale gradient, and Hessian matrix.

3.1 Continuous grayscale function and local filtering

Given that the grayscale function /(x,,y,) of the image
is discrete, it theoretically cannot precisely convolve with
the filter function. Therefore, it is necessary to make the
discrete grayscale function continue. The continuing tech-
nique can be expressed as follows: take the 4 nearest pixels
on Q to form a rectangular element w={Py, P», P3, P4}, and
the vertex position is P; (xpl_, yp‘) ,i=1,2,3,4. Construct a
local coordinate system (&,7) as shown in Fig. 4(b) with
Xp1 Hpy Yoy

Vry .
T ) as the origin.

In the local coordinate system, the continuous grayscale
function is constructed by bilinear interpolation (Cui &
Yu, 2020),

4

1Em) =D 1(Gym, )NiEm)i = 12,3, 4 -1 < En < 1,

(2)

central point PO(

where

(I + &GO +nm), (&ym) = (1, £1). 3)

=

Ni(fa’?) =

> 7
(O,N —1) 0 ;
Py(-1,1) | Py(1,1)
[
Any basic element S — ‘ > &
P&Lﬁl P,(1,-1)
—> X
(0,0) (M — 1,0)

(a)

(b)

Fig. 4. Coordinate correspondence between the global image and the basic element. (a) Global coordinate system, and (b) local coordinate system of the

basic element w.

Q(Xmq» Yn,)

(xm0—1')"n0+1) (xm0+1'J’n0+1)

w4 wii

@, @,

(xmo—lt yno—l) (xm0+1' yno—l)

(a)

(xm0—2: Yn +2) (xmo+2: yno+2)
@3 W4 @5 W6
@, Wy, w,, @,
s @Wg @ g
@, @y (92 @,

(me—ZIYnO—Z) (xm0+2: Ynofz)

(b)

Fig. 5. Neighborhoods of a fixed pixel Q(X,,,,,)- (a) @, and (b) °.
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For any pixel P(x,y) € o C Q, the continuous grayscale
function is defined as

4

16,3) = S 18, JNiEm). )

i=1

From Fig. 4, it is easy to see that

1
F}: i O %= hlzxpz_xm hzzym_ym.
U 0 mllY =] 2 2

(5)

By splicing all of the elements w;, C Q, the continuous
grayscale function /(x,y) on Q = Uw; is formed.

Till now there are several kernel functions which have
been applied to suppress the local noise. But each of them
has a specific applicable extent in suppressing local noise.
Nevertheless, the local noises existed in rock mass images
have extreme uncertainty, so we prefer to take Gauss func-
tion as the filter function because of its propensity-free and
sufficient smoothness (Sunayama et al., 2000; Hsiao et al.,
2006; Medina et al., 2017). It has broader applications and
can also improve the smoothness of the grayscale function,
leading to more accurate grayscale gradient and Hessian
matrix calculations.

The convolution transformation with the Gauss filter is
defined as follows:

Ig(x,y) =1(x,))G(x —x',y — ', 6)dx'dy,
2y e (P ) )
G(x,y,0) = 2ne?) e \* ) 57,

To substitute the continuity grayscale function Eq. (4)
into (6), I(x,y) is expressed as

Io(x,y) = / 10,0 Glx — ¥,y — o, o)durdyf

/( Zl Epn np) )

W €Q YV Ok =

Gx —x,y—),o)dx'dy. (7)

The pixel grayscale value after Gauss convolution is
determined by the grayscale values of its neighboring pix-
els. Only the most neighbor pixels for any given pixel are
considered, such as the neighborhood 3 x 3, denoted as
@Q*, and the neighborhood 5 x 5, denoted as Q°, as shown
in Fig. 5.

For a given pixel Q(xmo, yno), the grayscale value after
Gauss transformation in ©° is expressed as I, (Ximg> Vg )»

ISG(xmwyno) = /z I(x',y’)G(x' _xrmuy, _ynwa)dx,dy,
S

= Z / Zl" ¢, 11p &G

ape@ YOk =l
hyhy
= 8no? ; Zl /(u I ﬂp

2
(~"1+ Pro "’0) ‘('/:Jr Pro "n)

(L+ &) A +nn')e 7 d¢'dy,

— Xmy V= Vg O-)dx/dy,

where —1 < &, 5 < 1. From Eq. (8), it follows that for the
given pixel Q(x,,,o, Y 0), there are only 4 elements w; in its

local domain @, as shown in Fig. 5(a), and the integral
value of each element is expressed as follows:

. , , (5”’1 Hipgg ~¥mg )2 - (’7’ 2ok g ) ’ f e
a; :/ (I+ &) (1 +nm)e 2 dddr’,
o)
©)
specifically,
(:j/hl FXpro —¥mg )2 + (qrhz Fpro Vg )2 ,
d=h, 0 e gy
(:/h]+ka() —xm())2+(r1/h2+,1‘p, —n, )2
d= [, (1+E)1—n)e = dddr,
(5”1 13y —Xmq )2+ (m/rz Fpro o )2 ,
a5 = [, (1+ &) (1 +)e dedn’,
(5/1:]+xpk0 —me)ZJr('l/hz*Vp, —n )2
d= [, (1= &)1 +n)e = dddr,
(10)
SO
4
[3G(xm(l7yno TCO' Z Zlk<xpi’ypi)a?
k=1 i=1
1h2 u k k )7
oz 2 (1 (o )i + 1 (30,03, )

k=1
+[k(xp3vyp3>a§ + 1 (xp47yp4)a§
(1)

where I, (xpi, ypj),i =1,2,3,4 are the grayscales of pixels
on the adjacent element w;(k = 1,2,3,4) with central pixel
O(Xmys ) af are the weights corresponding to the pixels
on the element wy, and it is calculated by numerical inte-
gration Eq. (10).

To facilitate the calculation of I (x,,,, ) in Eq. (11),
Ifno ., 18 defined as the grayscale template with 9 pixels in
@°. And 4’ is the normalized coefficient matrix corre-
sponding to all pixels in ©°, as shown in Eq. (13),

I(xma*hyno—l) I(x"1[)7yno+1) I(x'”0+17y"0+1)
173710][0 = I(xmo—layno) I(xmovyno) I(xmo+17yn0) 1)
I(me*l?yno—l) I(xmo?yno—l) I(xm<1+17yn0—1)

(12)
aj a3 +aj a3
A=|d+d d+d+d+ad &+d|. (13)
aj @, +aj @
To combine Eq. (12) and Eq. (13) with Eq. (11),
3
Iz}(xmwy”o) o2 2; Z%dfj’ D3 = [d ] 1'3"0"0 A3’
i=1 j=
(14)
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where o represents the Hadamard product of two matrices,
that is, the matrix D* is calculated by the product of the
corresponding elements in I, and A4°. As in the case of

mo,ng
o =2, A° is obtained as follows:

0.059 0.124 0.059
0.124 0.261 0.124 . (15)
0.059 0.124 0.059

A} =

In summary, for any pixel Q(x,,,,,), to quickly calcu-
late the grayscale value after the Gaussian convolution
operation, only the grayscale values of 9 pixels in the neigh-
borhood @’ are needed. Next, calculate the Hadamard pro-
duct of the grayscale template I°  and the normalized

mg,no

coefficient matrix 4°, where 4° is fixed for each pixel in
the image and the same form as the traditional filtering
operator, but with different values.

It is noted that the integral calculation based on discrete
pixel grayscales is equivalent to the trapezoidal integral,
and the calculation based on continuous grayscale func-
tions is more accurate than the trapezoidal integral, it
can be proven in mathematics.

Similarly, for local neighborhood €°, the coefficient
matrix A are shown as follows:

0.011 0.027 0.032 0.027 0.011
0.027 0.064 0.076 0.064 0.027
A° = 10.032 0.076 0.082 0.076 0.032 . (16)
0.027 0.064 0.076 0.064 0.027
0.011 0.027 0.032 0.027 0.011

The coefficient matrix 4> does not change with pixel
O(Xmy,,) € Q. Thus, A is calculated only once for all pix-
els O(xuy,¥,) € 2, and the grayscale value I3 (x,,,»,, )

after Gauss transformation in ©° can be also calculated
highly efficiently.

3.2 Calculation of the grayscale gradient and Hessian matrix

3.2.1 Grayscale gradient

Employing Gauss convolution transformation, the
grayscale gradient can be derived from the continuous
and smooth grayscale function,

Alg(
Gx 8na4zz/[k fpﬂ”lp

W CQ i=1 W

(w1=x)2+(r—p)?
(1 +éi§/+l7 ]7/+£€/7’] n/)(xr_x) <e = 3 dx’dy’7

o) LSS [ nlen)

y wpCQ i=1

- ()7+<

dx’dy
(17)

(L + &8 4+ nn + &) —y) xe

For any pixel O(x,,.», ) € Q, the first-order partial
derivative along x direction can be calculated by the way
previously.

Ol (x,y)
lg}x (x'”o yVngs O ) O

hih
=gt O Z/ L&, np)(1+élg o+ &)

opcQ i=l YOk

|1c Xy Y=Yy

(ahlum, mo) (r”z Pko n)
252

(é/hl + X, —xmn) X € d¢dy’,  (18)
briefly, let
a, = / (14 &)Y+ i) (E R+ % — Xong)
()7
(’5”‘1”1’1{0 "‘"'o)2+(’7’h2“’ﬁk(fy"0)2 ,
x e 2 dé'dy'. (19)
Using the representation previously,
léx(‘x’"o’y"o) :grltﬁi ,{2:1 Zlk(xpl’yp) Xi
. (20)

The normalized coefficient matrix 4. is composed from
the first-order partial derivatives in x direction, as shown in
Eq. (21),

a, ay, +a, a,

A} = aj +ay, ap +a, ta, +a a +a |, (21)
a,, a, +a, a,

where a;‘i are the integral values corresponding to wy, and is

obtained by integral Eq. (19). Similarly, the normalized
coefficient matrix Ai is composed of the first-order partial
derivatives in y direction. Under ¢ = 2, Ai, A; are calcu-
lated as follows,

-1 0 1 I 2086 1
A;=|-2086 0 208 |, 4 =|0 0 0
-1 0 1 -1 -2.086 -1

(22)

The grayscale gradient, the norm, and the direction of
the grayscale gradient are given as

3 3 3 T 3
VI (9) = (I 1,) 5 V15 (x,9)]
2
=\ () + () d
= arctan (Iéy/]éx>. (23)

3.2.2 Hessian Matrix
From Eq. (7), the second-order derivatives of the grays-
cale function after Gauss convolution are defined as
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4
Tl — L3S o keG4 &+ + & mar) (¢ —x)ot — o)
0 CQ =1
m
xe dx'dy/,
T =gx Y > Fo T (S, ) (1 &€ mat + EEMM) (X =) =)
0 CQi=1 (24)
e _=x? +(}/ )? dx/dy’
Plolxy) _ 1 / / N2 4 2
PR v ;}Z o Ik(ép,,npi)(l +&E ' + &€ nin’)((y’ yot-o )
_w=x? +(}/ )?
xe dx'dy’.
The second-order partial derivative in x direction for 0.054 —0.019 0.054
any pixel O(xy,,,,) € Q is calculated, A2 =1 -0.008 —0.162 —0.008 |. (28)
Pl (x,y) 0.054 —0.019 0.054
I (Ximgs Vug» 0) = — 2|
Gxx \"'M0 1 Vngy axz x:x,,,o,y:yno
hh Similarly, Aiy is composed of the second-order mixed
= 8111022 / Iy f ” 7’Ip, partial derivative values in x and y direction, and Afy is
o =1 Tk (25) composed of the second-order partial derivative in y direc-
(L +&E +nn' + &) tion. Under ¢ = 2, the numerical results of Ai}, Aiy are
» ((5’}11 Y, —x )20*4 _ 0*2) obtained as follows,
kO mo
(ahl*kao’X’"r))2+(’llh2ﬂ’pk0’yﬂo)2 [—1.53 0 1.53
X e 22 dé'dn’, A, = o o0 o |,
et | 153 0 —1.53 (29)
¢ [ 0.054  —0.008 0.054
3 —_— — — —
o, :/ (1+ &)1+ i) A}, =|-0.019 —0.162 —0.019
ok | 0.054 —0.008 0.054
x <(é,h1 + X — xm0)26_4 - G_2>
. , The Hessian matrix composed of the second-order par-
(’f/h1+xpk0*-¥nlo)_+2(n/h2+)fpk0*l”no) o 26) tial derivatives is in Eq. (30),
X € 2 7.

Similarly, the second-order partial derivative in x direc-
tion is denoted as

S (s )

i=1

3 3
81'[0 z ;dfjxa

Iéxx (xmo ’ yn()) 8mf

nMp

(27)

where D}, = [d”} =D oA’ and the normalized coeffi-

mg,ngy xx°
cient matrix A’ is composed of the second-order partial

. . . . . . 3
derivatives in x direction. The numerical result of A4 is
obtained under ¢ = 2,

(30)

1 XX 1 X
Hix.y) = [ @ }

I Iy ]

It follows from /., = /¢, that the Hessian matrix is real
symmetric (Mukherjee et al., 2014), and its eigenvalues 4,
and A, can be calculated as follows:

1
A :E <1Gxx +[ny - \/(IG‘CX? _IGyv) +41ny>7
1
l 2<[er +[Gyt+\/]Gxx_[ny) +41ny> (31)

The eigenvectors V', and V, corresponding to the eigen-
values Z;, and A, can be calculated as follows:
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T
2
<1ny - IGxx + \/(IGxx - ]ny) + 4]2ny, 21ny)

V] - I
7
> T
<2Iny7 <]ny - ]Gxx + \/([Gxx - IGW) + 412ny))
V2 = 9
171

(32)

where ||V]| = (W (I — Lay)" + 415, +lay —Iow)+

4% )%, and (-)" is the transpose of ().

Gxy
4 Multiscale algorithm for identifying and marking
multiform fractures

In this section, the multiscale algorithms for identifying,
splicing, and marking fractures in the global image are
detailed. Identifying on the small-scale blocks are presented
by classifying pixels first. And then, the splicing and mark-
ing of multiform fractures for the global image is given
based on the pattern of progressive carrying small-scale
block frontier forward. Besides, to express more clearly, a
data organization that facilitates digital marking and splic-
ing is defined, and the splicing process for each form of
fracture is detailed given.

4.1 Identifying algorithms on small-scale blocks

Based on the set {;} of non-overlapping small-scale
blocks, the identification of fractures on each small-scale
block is mainly divided into 3 steps, including thresholds
set, classification of pixels, and identifying the mini-line
segments and mini-fillings, as shown in Fig. 6.

Identifying on small-scale blocks 2;

|

Bright threshold I;;

Thresholds set

Dark threshold Iy

Norm threshold |V, |*

Identifying the mini-line segments

1S=10.000, or IS=30.000

Grayscale features in neighborhoods

Straight line fit and its number of pixels

Firstly, set the grayscale threshold of each small-scale
block adaptively, and define the records R(Qy;) to represent
the grayscale values and types of pixels on the small-scale
blocks Qy;,

R(Qu) = {(I(xi,,),18),i =My +1,-- \My,j =N,y +1,--- N, }.
(33)

Each pixel in the output is marked by the array IS,
which is composed of a type label and a serial number
and the initial value is ‘00.000’. The type label is repre-
sented by two digits, while the serial number is represented
by three digits after the decimal point. And IS is updated as
the identification algorithms proceed. Let

M _
Ta = =My M N L) {1 ()}
= o Ty )
_ My,N;
Iy = I(xiayj)/((Mk_Mkfl) X (N;—N1)).

i=My_1+1,j=N;_1+1

(34)

Then, define the bright threshold 7}, and dark threshold
1;7 on len

1;;1 = LZMI% + (1 — aM)Tk,,
Iy =d" I+ (1 —a")lg,0 < a”,a¥ <1, (35)

where a¥ and a” are both undetermined parameters, the
acquiescent values ¢ = 0.4 and ¢" = 0.4.

From the Eq. (23), the average value of the grayscale
gradient norm on Qu is calculated as
|VI1<I| = Z?il;\-’/[}\il,1+l‘j:N1,1+lIVI(xi’yj)|
/(M — M) x (N;—N;_1)). Then the norm threshold

Classification of pixels

Pixels at bright mini-line segments, IS=10.000.
Pixels at dark mini-line segments, IS=30.000.
Pixels at bright mini-fillings, IS=20.000.
Pixels at dark mini-fillings, IS=40.000.

Pixels at background, IS=00.000.

l

Identifying the mini-line segments and mini-fillings

Identifying the mini-fillings

1S=20.000, or IS=40.000
| IS within neighborhoods
Region determination of the set of pixels

Record the mini-fillings

Fig. 6. Schematic of the identifying on small-scale block ;.
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|[VIy|* of the grayscale gradient on € is defined as
follows:

IVIy|" =a" |V, (36)

where ¥ > 1, is an undetermined parameter, and the
acquiescent value is a” = 1.25.

4.1.1 Classification of pixels
The bright threshold I, dark threshold I;, and the

norm threshold |V/j;|" on each small-scale block €, are
adaptively determined. And then, based on the geometric
characters of multiform fractures that described in Subsec-
tions 2.2 and 2.3, classify all the pixels in €, into 5 classes
according to their grayscale values, grayscale gradient, and
Hessian matrix in the neighborhood @’ (x;, ;) or @°(x;,y;).

For each pixel (x;,y;) € Qu, if the grayscale function in
its @’ (x;,,) satisfy one of the conditions below, then mark
‘IS = 10.000’ to the pixel (x;, ;).

(i) 1(x:,y;) > Iy, and in its @ (x;, ;) there exists at least
one pixel satisfies

(xl-l, yj]) whose grayscale value

I()c,-l ,yjl) <1}

(i) I (x;,y;) <I;; and in its Q(x;, ;) there exist at least 4
pixels (x,-,,yj[) e (x”yj),(t: 1,---,4) whose grayscale
values satisfy I(x,-l,yj/) > 1.

(iii) 7 (x;, ;) < I;, and in its @’ (x;,y,) there exists at least
one pixel (xm yh) satisfying 7 (xil, y/'1> > I}, and at least
one pixel (x,»z, yjz) that satisfies |V/ (xiz, yj2)| > |V

(iv) I (x;,»;) < I and in its @’ (x;, ;) there exists at least
one pixel (xil ,yjl) satisfying ](x,«l,yjl) > [},, and there
exists at least one pixel (x,-z, yjz) where the eigenvalues of

the Hessian matrix satisfy that A} = min(|4,|,|42|) is near
zero.

For pixel (x;,y;) € Qu, if the grayscales of all pixels in its
Q*(x;,y;) satisfy I(x;, ;) > I;;, then the label of the pixel
(x:,y,) is assigned as ‘IS = 20.000’.

For pixel (x;,y;) € Qu, if the grayscale function in its
Q*(x;,y;) satisfy one of the following conditions, then mark
‘IS = 30.000° to the pixel (x;,y,).

(i) I(x;,;) < I; and in its Q°(x;,y;) there exists at least
one pixel satisfies

(xil, yj]) whose grayscale value

](xil ’yh) > 1.
(i) I (x;, ;) > I;; and in its @’ (x;,y;) there exist at least 4
pixels (x,«l,yjt) € @ (x,y;),(t=1,---,4) whose grayscale

values satisfy / (x,-,, y_/-l> <Ij.

(iii) 7 (x;,»;) > I;; and in its @ (x;, ;) there exists at least
one pixel (x,—l, y].]> satisfying 7 (x,-17 yjl) < I;;, and there
exists at least one pixel (xiz, ij> whose grayscale gradient
norm satisfies |V/ (xiz,yjz)\ > |V

(iv) I(x;,y;) > I;; and in its @ (x;, ;) there exists at least
one pixel (x,«l, yjl) satisfying / (x,»l, yjl) <[, and there
exists at least one pixel (xl-z, yjz) whose A] is near zero.

For pixel (xi,yj) € Q, if all of the pixels in its Q° (x,»,yj)
satisfy 1(x;,y;) <1/, then the label of the pixel (x;,y;) is
marked as ‘IS = 40.000’.

Except for the above 4 classes, the other pixels in €, are
held as ‘IS = 00.000’.

4.1.2 Algorithms for identifying and marking the mini-line
segments and mini-fillings on small-scale blocks

To record the identifying results on all small-scale
blocks, an array Qy,, of the records with 6 elements is
defined as follows:

QKXL: {7(ka lvmll([am]%pm;[vmi[)a"'}? (37)

where the former 2 numbers (k,/) of every record denote
the mark numbers of the small-scale block €y,;, and the lat-
ter 4 numbers are the amounts of the bright mini-line seg-
ments, dark mini-line segments, bright mini-fillings, and
dark mini-fillings, which have been identified and marked
in Q,;, respectively.

I The algorithm for assembling a part of the pixels with
IS = 10.000 (30.000) as the bright (dark) mini-line segments.

(1) Define an array Q, = {(i,j),-- -} with 2-elements to
record the current mini-line segments. Let p = 000. And
start from the lower left corner of €, to find the first pixel
(io, jo) with IS = 10.000, and write it into the set
0, ={(io,jo), "}

(2) Take the pixel (iy,j,) as the starting pixel to search
for all of the pixels with IS = 10.000 in a distance of no
more than 4 pixel interval, if only one pixel (iy, ) is found,
then directly write (i1, ;) into Q, = {(io, /o), (i1,/1), - -}. If
more than one, let $* = {(i,/;), (i;",/;"), -}, then take

the pixel (i1, /1) which makes that
-

|<Piojonljl Vi (xh ’yfl)>| =

(mE)lX <Pi0j0Pi*j* . VT (xi*,yj*)> |, Where V,{ (x,-*,ij) iS the 1'

i j*)es*

normalized second eigenvector of the Hessian matrix at
pixel (x;,y;), see in SubSection 2.2 (Bl). Then write the
pixel (i1, /,) into Q,. And then, repeat the above operations
until no appropriate pixel can be found.

(3) Judge whether the current set
0, = {(io, Jo), (i1,41)s "+ (in,j,)} 18 & bright mini-line seg-
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ment. If there are more than 5 adjacent pixels contained by
0, = {(io,Jo), (i1, /1)s -+, (in,j,)} In some direction, then
confirm @, as a bright mini-line segment. And then the sta-
tistical curve fit method is applied to
0, = {(io’jo)v (i17j1)7 Tty (inajn)} to form a new set
05 = {(io, jo), (i}, /1), (in,j,) }» which describe a smooth
curve. And rewrite all pixels in 0, as IS = 00.000. And then
let p = p+ 1, write 10.p into the IS of all pixels in Q;, and
go to (4). Otherwise, if the number of pixels contained by
0O, in any direction is less than 5, then rewrite all pixels
in O, = {(io, jo), (i1,41), - - -} as IS = 00.000.

(4) In sequence, search for new pixel with IS = 10.000,
row by row up to over €y,. If there is one pixel (iy, j,) with
IS = 10.000, then write it into O, = {(io, j,), - - -} as the new
starting point, and then turn back to (2). If there is no new
pixel with IS = 10.000, then go to (6).

(5) In the process of operations (2), when the IS of the
newly added pixel has been assigned label 10.¢g* (where ¢*
is a serial number represented by three digits, e.g., 001,
099, 999), then all pixels in current Q, = {(io, /o), (i1,/1)s
<+« (in, j,)} should be added to the set of mini-line segment
with IS=10.¢*. So all pixels of current Q, are rewritten as
IS=10.¢*, and turn back to (4).

(6) Following (2)—(5), traverse the entire small-scale
block Q, all the pixels with IS = 10.000 are checked.
And some of the pixels constitute the bright mini-line seg-
ments and their label have been assigned to
IS=10.p, (p > 0), respectively. In the end, the amount of
identified and marked bright mini-line segments in Q, is
recorded as mj}, = p.

Similar to above (1)-(6), some of the pixels with
IS = 30.000 are identified and marked as the dark mini-
line segments, and those pixels are assigned as IS
=30.p, (p > 0), respectively, and record n}, = p.

IT The algorithm for assembling a part of the pixels with
IS = 20.000 (40.000) as the bright (dark) mini-fillings.

(1) Define a dual array Q, = {(i,),---} to record the
current mini-fillings, and let p = 001. Starting from the
lower left corner of Qy, to search for the first pixel (i, j,)
with IS = 20.000, and write it into the array
0, ={(io, o), "}

(2) Take the pixel just written in Q,, e.g. (i, j,) as the
starting point, and search for the pixels with IS = 20.000
at the distance no more than 3 pixel interval. If the pixel
(i1,j,) ~meets, then write (i,j,) into the
0, = {(io, Jo), (i1,/;) ---}. Otherwise, abandon (iy,J,).
Next, take the pixel just entered into Q, as the new starting
point, and proceed to search for the pixels on € by the
above operations until no pixel meets the above
requirement.

(3) If O, ={(io,jo), (i1,/1), -} contains at least one
entire Q°, then mark it as a bright mini-filling and write

IS=20.p of all pixels in Q,, execute p = p + 1. Otherwise,
rewrite all of pixels in Q, as IS = 00.000, and go to (4).

(4) Search for another pixel (i, j,) with IS = 20.000 in
Qy in sequence, write it into Q, = {(io, j,), -}, and turn
back to (2).

(5) In the process of assembling Q,, if the IS of the newly
added pixel has been 20.¢*, then all pixels in the current Q,
should be rewritten as IS=20.¢*. And turn back to (4).

(6) According to (2)—(5), traverse small-scale blocks €,
end the operations of assembling bright mini-fillings in €,
and save m}, = p.

By using the algorithm similar to above (1)—(6), a part of
the pixels with IS = 40.000 in €, are assembled as dark
mini-fillings. All pixels marked as dark mini-fillings are

written as IS=40.001,---,40.p in sequence. And save

4 _
my = p-

After completing the above identifying and marking, the
amounts m?,, m}, of mini-fillings with 1S=20.p, and 1S=40.p
are written into the array Qy,,, respectively,

Okxr = {"'7(ka lvmllclamihmilvmil)""}' (38)

4.2 Splicing and marking algorithms on global image

After identifying and marking on the small-scale blocks
Quk=1,---,K,1=1,---,L), the splicing and marking of
multiform fractures will be executed, advancing layer by
layer along the frontier of small-scale blocks described in
Section 2.3. The schematic of splicing and marking algo-
rithms on global image is shown in Fig. 7.

4.2.1 Data organization

To make the splicing process well understood and
achieve a more efficient splicing process for the small-
scale blocks, the following records are used for the frac-
tures being spliced and to be spliced. Common arrays
and their initial states are defined as follows:

05 ={(k,1),---}: The spliced array for recording the
serial numbers of small-scale blocks entering into a spliced
state; its initial state is Q5 = {(1, 1)}, and let p = 001.

05" = {(k1, 1), (k2, 1), - - -}: The array for recording the
serial numbers of the small-scale blocks entering into the
splicing frontier, its initial state is
0y ={(1,2),(2,1),(2,2)}. 05 U 05" is the splicing domain.

Zy(m"™) = {(k,1,10.p), (k,I) € O3 }: The array is com-
posed of the records with 3-elements for recording the
bright mini-line segments identified in Q5. And its initial
state is Zy"(m{,) = {(k,1,10.p), (k, ) € Qu}.

zy(m*) = {(k,1,30.p), (k,I) € O5}: The array for
recording the dark mini-line segments in Qj, its initial state
is 23" (m3,) = {(k,1,30.p), (k, 1) € Qi }.
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Splicing and marking algorithms 5 Q3 ={(k1D,
on global image (2 Q5

Data organization

}: The spliced layer

= {(kq, l1), (k3,15),--- }: The splicing frontiers layer

Q3i(m), Q2(m), Q3 (m): Denoting lines and fillings

Smin: The minimum size of identified fractures and fillings

TP and RA: Saving the spliced fractures and fillings

Splicing by the progressive small-scale block frontier forward

Splicing the multiform fractures

Splicing of mini-line segments
Splicing between line segments and mini-fillings
’ Judgment of fracture structure types
Removal of tiny interference fractures

Update IS and record to TP, RA

Spllcmg the filling clusters

‘ Spllcmg ofmlm ﬁllmgs -
Judgment of non-uniform filled filling clusters
Removal of tiny pseudo-fractures

Update IS and record to TP, RA

Fig. 7. Schematic of the identifying on global image Q.

Z3(m*) = {(k,1,20.p) or (k,1,40.p),(k,1) € O;}: The
array for recording the bright and dark mini-fillings in
0,, its initial state is Zj(m**) = {(1,1,20.p), -,
(1,1,40m*)}, and m* = mj, + m{,, where m},mi,, mj,,
m{, can be obtained from the identifying results in small-
scale block Q.

Similarly, to define the arrays for recording the bright
and dark mini-line segments and mini-fillings entering in
the splicing frontier Q5", respectively:

Zy r(m ) = {(k,1,10.p), (k, 1) €
023" () = {(k,1,30.p), (k. 1) € 03 }:

Z3 7 (m? ) = {(k,1,20.p) or (k,1,40.p), (k,1) € O}"}.

{03}
={0i(m) = {(k1,1,10.p,),---},m = 1,--- ,m'}: The array
set of uncompleted splicing fractures with bright lines, each
of those is represented by an array
0i(m) = {(k1,1;,10.p,),---}. And its initial state is

{0:(0)} = {0}.

{Qg } {Q% _{ k1,11,30p1) '}7m
=1,.--,m’}: The array set of uncompleted splicing frac-
tures with dark lines, and its initial state is {Q3(0)} = {0}.

{03m%)} = {Q3(m)
= {(k1,11,20.p,),- -, (k1,11,40.p)), - -},m =1, m*}:
The array set of uncompleted splicing filling clusters with
the bright, or the dark, or the mixture of the bright and
dark, and its initial state is {Q3(0)} = {0}.

Some counters and their initial
pi = 000, p7 = 000, pi = 000, p3 = 000, p} = 000.

TP and RA: The resulting arrays for saving the spliced
fractures and fillings:

states:

TP = {(Tl plap(Tl pl) 1) (Ti~pi’p(Ti-pi))7"'}a
RA:{...,;... ( ) ]'1’1...},

where TP is the array composed of the records with 2-
elements, 7,.p; combines the type label T; and serial num-
ber p,; of spliced fractures or fillings complete, 7; consists
of 2 digits, and p; consists 3 digits. And RA is the array
composed of the records with 2 elements to save all pixels
of spliced fractures or fillings complete. p(7,.p;) is a counter
to indicate the starting location of spliced fractures or fill-
ings just completed for saving all pixels of 7,.p; into array
RA, and its initial status p(7;.p;) = 1. The initial status of
Eq. (39) is TP={(T.p;, 1), .}, RA={[-- T, b

Define the minimum size of identified fractures and fill-
ings. Let

(39)

V3 Mmin
Muyin = {M,N}, M pyins = Integer|——|,
n

§min = Mminsha (40)
where M, N are the amount of the pixels in image Q, and
default value n = 12,4 is the minimum interval between
adjacent pixels. Then Sy, is defined as the minimum scale
of identified fractures. It means that the sizes of identified
and marked fractures are all greater than Sp,.

4.2.2 Splicing algorithms on the current splicing domain
0;U 0y

I To generate the basic arrays of all small-scale blocks
entering into the splicing domain

The basic array of all the small-scale blocks in the
spliced domain 05,
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R (Qu) = {(I(Xn}{,),ls)J:Mk v+ L M, j=Niy+ 1, N Y(k, ) € 0.

(41)

The basic array of the small-scale blocks in the splicing
frontier Q5,

R*(Qu) = {(I(x1,,),18),i =My + 1,-+- My, j =Ny 1,-- N, V(k, ]) € O5..

(42)

To generate: Zy * *(m' * *) = {(k,1,10.p), (k, 1) € 05" };
@ )= {(k130p), (D) e OBz )
= {(k,1,20.p)or(k,1,40.p), (k, )€ 0y}, And back up
Zl**(l**) Zl** ( ) g**(m3**) =Z§*
*( 3 % *)7Z§ * *(ﬁz * *)_ Z% * *(mz * *)

IT Splicing the bright (dark) multiform fractures

The process of splicing and marking bright fractures is
divided into 5 steps, including splicing of mini-line seg-
ments, splicing between line segments and mini-fillings,
identifying the type of fractures, removing tiny pseudo-
fractures, and updating IS and record. Among them, the
independent spliced linear structures are marked as closed
fractures, and the structures that satisfy the splicing condi-
tion between linear structures and fillings are marked as
open or filled fractures. The flowchart of splicing and
marking the bright fractures is shown in Fig. §.

The detailed process is as follows:

(1) If the array set {Q} (')} of incompleted bright frac-
ture splicing is a null set, that is m' = 0, then go to (3).

(2) If the array set {Qj(m')} is not a null set, that is
{0im")} = {{(k1,1,,10.p,), -}, m=1,--- ;m'},m" >0,
then go to (4).

(3) If in the array Z;(m'*) there is at least one unspliced
bright mini-line segment (k, 7, 10.p), then take it out from
Zi(m") as the startmg point for new splicing bright frac-
ture, execute m' =m' + 1, and write (k,/,10.p) into the
new array Qi(m)={(k,1,10.p),---}, and then write
Q;(m) into Qi(m'), and go to (4). Otherwise, if there are
no unspliced bright mini-line segments in Z} (7%'*), go to (5).

(4) Take an incompleted splicing fracture from
{03(m")}, e.g., O3(m) = {(k,1,10.p),---} € {Q3(m")}.

(i) Take an unspliced mini-line segment (ky,7;,10.p,)
from Q3(m) = {(ki,1;,10.p,),- -}, and calculate its size y,,

H= max{ [(x,-, *xiz)z + (yj| *yjz)z} I/z*rW"lAjl)a (i2,2) € (ku, I, 10-1’1)}7
(43)

where (i, j,), (i2,/,) are any pair of pixels located in the
mini-line  segment  (ky,/;,10.p;). And then in
Zy(m"™)uZy* *(m' * *) to search for the proximate bright
mini-line segment to (ki,/;,10.p,) with 10.000 < IS
< 11.000, e.g. (k,1»,10.p,), calculate its size u, by the
Eq. (43), and let @ = min{yu,, 1, }.

(ii) If the shortest distance between (k;,/;,10.p,) and
(k2,1,10.p,) is less than f,n and the included angle

between them is less than 0;, then all of pixels on the con-
necting line from 10.p, to 10.p, are respectively added to
the mini-line segments (ky,7;,10.p,) or (k2,15,10.p,)
according to the small-scale block located by them. Fur-
ther, take (ky,/1»,10.p,) out from Zy*(m"*)uUZz; * *(m' * )
and write it into 0% (m) = {(k1,1,,10.p,),
(k2,1,10.p,),---}, and go to (i). Otherwise, if the shortest
distance between (ky,/;,10.p,) and (k,, 5, 10.p,) is not less
than f,f, or the included angle between them is not less
than 6, then go to (i).

Repeat above operations (3) and (4) until all incom-
pleted splicing fractures involved in Qé (m') have been
spliced and no new unspliced bright mini-line segment is
written into {Q;(m")}.

(5) Form =1,2,---,m" to execute the following opera-
tions. Take a bright mini- line segment (ki,/;,10.p;)
unspliced from Q3(m) € {Q3(m')} as a splicing start point,
in sequence, and search for the mini-fillings with IS satisfy-
ing 20.000< IS <30.000 or IS >40.000 in
Z3(m*)uzs *r(m* ), e.g. (kz, 15,20.p,) or
(k2 15,40.p,), and calculate its size u; by the Eq. (43). If
the shortest distance between (ky,/;,10.p,) and
(kz, 1,,20.p,) or (ki,1,,40.p,) is less than f,u,, then take
(k2,15,20.p,) or (ka, 15,40.p,) out from
Z¥(m* Uz r(mt ), and  write it into
03(m) = {(ki,11,10.p,), (k2,15,20.p,),--}. To continue,
take (kz, 12, lOpz), or (kz, 12, 20p2) or (kz, 12, 40p2)
unspliced as a new splicing start point to repeat the above
operations until all of the mini-line segments and mini-
fillings involved in current Q}(m) have been completely

spliced, and no new mini- ﬁlling (k';, 13,20.p;) or
(k3, 15,40.p;) is written into Q3(m {Qz N}
(6) For m=1,2,---,m" in Qim)e{0im")} in

sequence, execute the following operatrons

(i) Check in  Qi(m) = {(ki,1,10.p,),---, (ki i,
10.p;),---} whether there is a bright mini-line segment
(ki, 1;,10.p,) belonging to Z.**(m' * *).
0i(m) = {(k1,1,,10.p,),- -, (ki, [;, 10.p;), - -} is confirmed
as an incompleted splicing fracture, and go to (4).

(ii) If there is no (ki, £;, 10.p;) belonging to Z} * *(m' * *)
in Q}(m), then Q}(m) is a completed splicing fracture. And
then calculate the size S,, of Qj(m) by the formula (43). If
Sy < Smin, then Q}(m) is removed, and the IS positions of
all pixels involved in Q}(m) are assigned as 00.000, and
go to (V).

(iii) If in Q}(m) there are no mini-fillings, and S,, > Spin,
then confirm that Q}(m) is a closed fracture. And then exe-
cute p! = p! + 1, and the IS of all pixels involved in Q3 (m)
are assigned as 11.p], meanwhile, all pixels involved in
Q(m) are collected together to form the sub-array
11.p} =[--,(i,/), -] and a record (11.p},p™), and count

If yes, then
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Splicing and marking of bright fractures

v

Arrays of records and their initial values «

)

" Judge whether the set

—~— {Q3(m)}is null_
‘Null . 3‘ e Non-null
Take an unspliced mini-line segment
" Arethere ) 1 :
10~ hini-lines on the domain U, 10.p1) € Q3(m), Caloulate size py

of spliced state Z3*(m) 5 I
P ] Search the bright mini-line segment
} (k,1,10.p,) € Q3(m), Calculate size u,

Iy

yes

v Y

Put the unspliced mini-lines  hudge =

into {Q3(m)} — if splicing is allowed /
~—_according to fyuand 6y

yes,

Generate the set {Q3(m)} of
bright lines spliced

Search for mini-fillings to splice
based on Byus,

Form = 1,2,,m?, Judge completed |
spliced fractures Q3 (m)

v

Calculate the size of Q3 (m) ‘

v

Compare with Spin

< 2

'S

I Remove tiny structures ‘ ’Identiﬁcation Results ‘

p A

‘ Open or filled fractures H Closed fractures [

i

RA |

| Record to TP,

P yes
Judge if m <!

no

v

- “Update domain e
Q3U Q5 Judgeif Q€
T 2nQy

no

&

Fig. 8. Flowchart of splicing and marking the bright multiform fractures.
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the amount ny,,; of all pixels of 11.p}, and then save the
sub-array 11.p} =[--,(i,/),---] into the resulting array
RA according to p™ and (11.p},p™) into TP. And then
pT=pf + ny,1, and go to (v).

(iv) If S, > Smin, and in Q; (m) there is at least one mini-
filling, then Q3 (m) is confirmed as an open or filled fracture.
And then execute p} =p}+ 1, and the IS of all pixels
involved in Q3(m) are assigned as 12.p?, and all of the pixels
are  collected together to form a  sub-array
12.p} = [+, (i,j),- -] and a record (12.p},p™"), and count
the amount n,,,; of all pixels involved in 12.p7, and then
save them into the resulting arrays RA, and (12.p},p™)
into TP. And then p™ = p™ + iy and go to (v).

(v) Let Qi(m) = {0} and m' =m' — 1, and go back to
).

v (7 Generate a new
{Q; } {Q3 ) = {(k1,1,,10.p,), - ~},m=1,---,ﬁ]}

for the next splicing domain Q5 U 05". The new array set
{Qé (ml)} consists of two parts: Part 1 is the uncompleted

array set

fracture in {Q}(m')}, and part 2 is composed of the bright
mini-line segments in Z3y*(m") = Z} * *(m' * *) currently,
where 7' is the amount of bright mini-line segments in
Zy*r(m' * ). Let Z3(m*) = Z3 " *(m* * *), where m** is
the amount of mini-fillings in Z3 * *(m* * *) currently.
New m' equals to the sum of m' in {Qj(m')} with m',
and then to the end.

Similarly, simulate the above algorithm, the multiform
fractures with dark lines can be spliced and marked by
making use of {OQ;m*)} = {0i(m) = {(ki,1,, 30.p,),

’ '}7m: L. 7m3}’Z§*(m3*) = {(kv I, 30'p)7 (k1) € QZ},
and Z3 " *(m® * *) = {(k,1,30.p), (k, 1) € Oy"}.

IIT Splicing the mini-fillings together to form the filling
clusters

The algorithm for splicing filling clusters is following:

(1) If the array set {Q§ (ﬁz)} of incompleted splicing fill-
ing clusters is null, that is m* = 0, then go to (3).

(2) If in {Q3(”)} there is at least an incompleted splic-
ing filling clusters {Q5(m)}, that is m> > 0, then go to (4).

(3) If in the array Z3" (m>*) there is at least one unspliced
mini-filling (k, /1,20.p,) or (ky,1,,40.p,), suppose that it is
(k1,1,,20.p,), then take it out from Z3'(m*) as the new
starting point for splicing filling clusters and m> = m> + 1,
and  write  (k,/,,20.p,) into a new array
03(m) = {(k1,1,,20.p,),---}, and then write Qi(m) into
{05(m*)}, and go to (4). Otherwise, in the array Z3"(m>")
there is no unspliced mini-filling, then go to (7).

(4) Take an uncompleted splicing filling cluster
03(m) = {(k1,1,,20.p,),---} from {Q3(m?)} in sequence.

(5) Take an uncompleted spliced mini-filling, e.g.,
(ki,1,,20.p,) from  Q3(m), and  then  in
Zy(m*)UZ3* *(m* * *) to search for the proximate mini-

filling (ky,7;,20.p,) with 20.000 < IS < 30.000 or IS
> 40.000, suppose that it is (k»,7>,40.p,), and calculate
its size p, by Eq. (43). If the shortest distance between
(k1,11,20.p,) and (k,,1,,40.p,) is not less than f;u,, then
go back to (5). Otherwise, take (k,,/,,40.p,) out from
Z¥(m*) Uz r(mt ), and write it into
0i(m) = {(ky,1,,20.p,), (ka, 1,,40.p,), - - -}, and go back to
(5). Until all mini-fillings involved in Q;(m) have been
completed.

(6) Repeat the above operations (3)—(5) until all fillings

in Q3(m) € {Q3(m*)} and Z3*(m**) have been completely
spllced

(7) For m = 1,2, ---,m? to execute the following opera-
tions:

(i) Check whether there is a mini-fillings (;,/;,20.p;)
involved in Q3(m), in sequence, which satisfies that
(ki, 1;,20.p;) € Z3 * *(m* * ). If yes, then confirm that
Q3(m) is a filling cluster of the incomplete splice, and hold
it in {Q3(m)}.

(ii) If there are no mini-fillings (k;,;,20.p,) € Q3(m),
which satisfies (k;,/;,20.p;) € Z3 * *(m* * *), then confirm
03(m) = {(k1,1,,20.p,), (ki, 1;,40.p,), - - -} is an isolated fill-
ing cluster. And then construct a minimum ellipse E3(m)
which covers all mini-fillings of Q3(m), and calculate its
long-axis a,. If a;, < Smin, then the IS positions of all pixels
covered by the minimum ellipse E3(m) are rewritten as
00.000. Reset Q3(m) = {0} and go back to (i). Otherwise,
execute p) = p) + 1, and the IS positions of all pixels of
mini-fillings involved in E3(m) are assigned as 21.p}, and
all of the pixels are collected together to form an isolated
filling cluster array 21.p)=[--,(i,j),---] and a record
(21.p3,p™), and count the amount n,, of the pixels

involved in 21.p}, and then save them into the resulting

arrays RA, and (21.p},p™) into TP. And then
P =p" 4y, Reset 03(m) = {0} and go to (i).

(8) Generate a new array set
{03m*)} = {03(m) = {(k1,1,,20.p,), - },m =1, }

for the next splicing domain Q5 U 0. The new array set
{05(m*)} consists of two parts: Part 1 is the incompleted
filling clusters in {Q% e } and part 2 is composed of
the mini-fillings in Z3*(m>) =23"*(m***) currently,
m?>* is the amount of mini-fillings in Z3 * *(m* * *)
currently. New i equals to the sum of m* in {Q}(m?)}
with m%, and then to the end.

IV Set up the next splicing domain

05U 05" and to end splicing in Q
Update p=p+1, and let Q; =

where m

sz = {(1p+ l)a(2>p+ 1),,(}7"1‘ 17P+ 1)77(17"!‘ 171)} (44)

If there exists at least one small scale block @, € QN 05",
then turn back to SubSection 4.2.2-1 to begin the splicing
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of the next round. Otherwise, execute the following
operations:

eForm=1,2,---,m': Confirm all of Q;(m) € {Q;(m")}
as completed splicing fractures by executing the operations
listed in previous II-6 (i-v). Then record the amount of
closed fractures p; = p}, open or filled fractures p} = pi.
Similarly, the multiform fractures with dark lines can be
completed, and record p}, p3.

e Form =1,2,---,m* Confirm all of 03(m) € {05(m*)}
as isolated filling clusters by executing the operations listed
in the previous III-7 (i-ii). Then record the amount of the
filling clusters p} = pi.

Till now, the amounts of multiform fractures and filling
clusters identified in global image Q2 are:

e Amount of fractures with brighter edges: p; = p! + p%;

e Amount of fractures with darker edges: p; = p} + p3;

e Amount of the inclusion bodies with nonhomogenous
fillings: p, = p.

5 Numerical verification and discussion

To validate the algorithm’s effectiveness, a number of
visible-light rock-mass images with different morphologies
of fractures are used as examples. Algorithm parameters
are adjusted to accommodate differences in image resolu-
tion, size, and rock fracture morphology. The appropriate
parameters are selected by adaptive determination and
manual setting. Bright and dark thresholds for pixels clas-
sification are adaptively set based on the small-scale block

(a) (b)

size and grayscale distribution within the block. Splice dis-
tance and orientation thresholds are manually selected
according to the image size and fracture forms. In this
paper, the number of blocks, splicing length, orientation
thresholds, and the minimum size of identified fractures,
are determined through simulation experiments, and the
identifying and marking results are shown below.

5.1 Example 1

One sample of the rock-mass image is shown in Fig. 9
(a). And the procedure for identifying the fractures and fill-
ing clusters is composed of 3 steps:

I Small-scale block partition of image Q2

The image consists of 2126 x 1181 pixels, the horizontal
and vertical directions are segmented into K =8 and L = 7.

II Identification of line segments and mini-fillings on
small-scale block Q,,

The red rectangular box Q,s marked in Fig. 9(b) is taken
as the representative small-scale block to demonstrate the
identifying algorithms in SubSection 4.1. In Q,, the bright
threshold 7}, =103, dark threshold I;; =55, and the
threshold |VI;;|" = 16 of grayscale gradient norms are cal-
culated in Egs. (35) and (36). And then, all of pixels are
classified into 5 classes, and the IS are marked as 10.000,
20.000, 30.000, 40.000 and 00.000, respectively. The pixels
marked as 10.000 and 20.000 are shown in Fig. 9(b) and
(c), and the pixels marked as 30.000 and 40.000 are not
obvious, so only the bright fracture lines and fillings are
identified in this image.

()

Fig. 9. The image with filled fractures and classification of the pixels. (a) The image with filled fractures, (b) pixels with IS = 10.000, and (c) pixels with

IS = 20.000.

Fitting and marking of pixels with 15=10.000
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N 1045

10.40
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Fig. 10. The process of identifying and splicing the fracture segments on Q. (a) Pixels with IS = 10.000, (b) mini-line segments marked by fitting pixels

with IS = 10.000, and (c) mini-fillings.
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(1) Identify and mark mini-line segments.

The pixels with IS = 10.000 in the small-scale block Q4
are shown in Fig. 10(a). By applying the statistical curve fit,
those pixels are fitted to the new smooth curves to form the
mini-line segments. Then the mini-line segments identified
are sequentially marked as 10.p;, and all of them are shown
in Fig. 10(b).

(i) Identify and mark mini-fillings.

According to the algorithms in Section 4.1.2(II), the
mini-fillings are assembled from the pixels with
IS = 20.000 on the small-scale block .4, and the IS of
those pixels are all assigned as 20.p; in sequence. The results
of assembled mini-fillings are shown in Fig. 10(c).

After identifying and marking the mini-line segments
and mini-fillings on 2,4, the amounts of those are recorded
as mb, and m3, respectively, and fill them into the data set

Q8><73

Ogr =1{-,(2,6,78,8,0,0),--}. (45)

(a) (b)

IIT Splicing and marking on image

Based on the results of identifying and marking mini-
line segments and mini-fillings on all small-scale blocks
Quk=1,---81=1,---7), under B, =1.0,0, =60°,
p, = 0.8, and f; = 0.5, and using the algorithms in SubSec-
tion 4.2, fractures in Q are spliced.

For image Fig. 9(a), the minimum size of fractures is cal-
culated by the Eq. (40) as Smin = 98. Therefore, only the
fractures and fillings whose sizes are greater than 98 are
marked, shown in Fig. 1l(a), and the filled fractures
marked consist of edge line segments (red) and mini-
fillings (blue). Some of those labels are illustrated, such
as 12.001,12.004,12.009,12.015, and 12.023, with 1363,
5469, 16007, 54232, and 544 pixels, respectively. Further-
more, the marked fractures are stored in the resulting
arrays:

TP={(12.001,1),---,(12.023,23)},

RA={[(256,1144), (256,1145), (256, 1146),---, (334,

1061),(334,1062),(334,1063)]"*";-.;

(c)

Fig. 11. Splicing and marking results. (a) Identified filled fractures (red lines are the edges, blues the filled inclusions), (b) correspondence between the

marked results and original image, and (c) manual labeling results.

(c)

(d)

Fig. 12. Example 2: (a) image with closed fractures, (b) identification results, (c) identification results corresponding to the original image, and (d) manual

labeling results.
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(c)

(d)

Fig. 13. Example 3: (a) image with open fractures, (b) identification results, (c) identification results corresponding to original image, and (d) manual

labeling results.

(397,994), (397, 995), (397,996),-

),12 00 ,(659,706), (659,707),
659, 708)]'2"%;....

[

(

[(744,601), (744 602), (744,603),---, (1122,126), (1122,127),
(1122,128)]";...;

[(1005,1180),  (1005,1181),  (1006,1181),---,(2057,6),
(2057,7), (2057,8)]"*"; ...;

[(2023,634), (2023,635), (2023,636), ,(2085,663),

(2085,664), (2085,665)]'*"*1.
Figure 11(b) and (¢) demonstrates the combination of
identified and marked fractures with the original image.

Compared with manual labelling results, the shapes and
positions of identified filled fractures are clearly matched.

5.2 Other examples

To further validate the availability of the multiscale
algorithm in this paper, the other images with different
fracture types are identified and marked, including closed,
filled or open fractures.

Figure 12(a) is an image with closed fractures which
consists of 2126 x 1181 pixels. Under f, = 1,0, = 60°,

(f)

Fig. 14. Example 4: (a) image with multiform fractures, (b) dark identification results, (c) dark results corresponding to the original image, (d) bright
identification results, (e) bright results corresponding to the original image, and (f) manual labeling results.
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B, =0.7,B; = 0.5 and Sy, = 98, the identified results are
shown in Fig. 12(b) and (¢). And Fig. 13(a) is an image with
open fractures, using the same parameter settings as above,
the identified results are shown in Fig. 13(b) and (c). Fig-
ures 12(d) and 13(d) are the manual labeling results. The
identified results are no longer listed due to the limited
space.

Figure 14(a) with the pixels of 2126 x 1181 is the image
with multiform fractures. Unlike the identifying above, this
identifying process is challenged by the fact that some frac-
tures are brighter than the background while others are
dimmer. Under f;, =1.2,0, =45°,6,=0.7,6;=0.5 and
Smin = 98, the identified dark fractures are shown in
Fig. 14(b) and (c) while the bright are shown in Fig. 14
(d) and (e), and Fig. 14(f) gives the manual labeling results.

5.3 Discussion

From the identification results in Figs. 11-14, it can be
seen that the algorithm can identify multiform fractures
from visible-light rock-mass images, and generate digitized
information on those, such as lengths, orientations, loca-
tions, and so on, which provides a data basis for further
calculation of the mechanical parameters of the rock
masses and can be used as a training set for the deep learn-
ing algorithm instead of manually labeling fractures.

It is worth noting that the accuracy of identifying mul-
tiform fractures is improved by constructing a grayscale
continuous function and adaptively setting the grayscale
thresholds on small-scale blocks, and the layer-by-layer
splicing algorithm is performed only on the domain of
the 2-layer small-scale blocks, which greatly reduces the
complexity of the algorithm. However, the classifications
of pixels are affected by various factors such as the number
of image blocks, grayscale threshold, and gradient thresh-
old. If the number of blocks is large and the thresholds
are set small, the pixels are more likely to be classified as
fracture areas, leading to interference areas being more
prominent. On the other hand, if the number of blocks is
small and the thresholds are set large, pixels may be classi-
fied as background, which may be disadvantageous for the
subsequent splicing fractures.

By numerical experiments, to ensure proper segmenta-
tion and identification results, the image with 2126 x
1181 pixels should be divided into 8 x 7 blocks and the
image boundaries should be filled. And the grayscale and
gradient thresholds should be set to
a’ =a" =04,a" =1.25. In the splicing process, the
threshold parameters are set to 0<f, <150
<Py <1.0,0<B;<05,0<0, <60°,Suin = 98. The
number of fractures identified is influenced by the distance
and angle threshold parameters f;, 55, 5, and 0;. If these
parameters are set to be small, more fine fractures will be
identified in the results. On the other hand, if the parame-
ters are set to be high, larger fractures are more likely to be
generated. Besides, if a smaller Sy, of the minimum frac-

ture size is set, more fractures will be saved, while a larger
Smin Will result in fewer fracture structures being marked. In
the practical application of the algorithm, the above
parameters should be set based on the size of rock mass
images and the degree of fractures that need to be
identified.

However, this study identifies some omissions and
misidentifications in the identification results. To address
this issue, the authors plan to gather a larger collection
of visible images of rock masses and estimate the error rate
and the missing rate of fractures. And then, fractures are
randomly generated to better apply the algorithm to engi-
neering applications. Moreover, the algorithm may not
work well for rock mass images with complex material
changes, fracture cross-distribution, and shadows. Future
research will explore these issues.

6 Conclusions

The morphologies and distributions of multiform frac-
tures significantly influence the mechanical performance
of rock masses. Therefore, it is crucial to develop a high-
performance method to accurately identify and mark these
fractures in rock mass images. This paper addresses the
challenges posed by diverse fracture morphologies and
multiscale noise in fracture identification. The authors pro-
pose a multiscale algorithm that utilizes image segmenta-
tion and progressively carries small-scale block frontier
forward to identify and mark fractures based on grayscale
difference characteristics. The results show the algorithm’s
capability to effectively suppress grayscale noise and accu-
rately identify multiform fractures, including closed, filled,
or open fractures, laying the foundation for calculating the
mechanical parameters of rock masses.

The main advantages of the algorithm are as follows:

(1) By summarizing the characteristics of grayscale vari-
ation in each morphological fracture within its neighbor-
hood, our approach addresses the limitation of previous
algorithms, which typically focus on a single type of
fracture.

(2) By constructing a grayscale continuous function, the
operators for grayscale filter smoothing and calculating the
grayscale gradient and Hessian matrix in the local neigh-
borhood are given, which reduces the computational bias
and improves the accuracy of fracture identification.

(3) By segmenting the image and adaptively setting the
threshold value on each small-scale block, the layer-by-
layer splicing algorithm is performed only on the domain
of the 2-layer small-scale blocks, which significantly
reduces the search range of splicing and ensures efficiency.
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