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Abstract 
 

The rock fracture detection by image analysis is significant for fracture measurement and 
assessment engineering. The paper proposes a novel image segmentation algorithm for the 
centerline tracing of a rock fracture based on Hessian Matrix at Multi-scales and Steger 
algorithm. A traditional fracture detection method, which does edge detection first, then makes 
image binarization, and finally performs noise removal and fracture gap linking, is difficult for 
images of rough rock surfaces. To overcome the problem, the new algorithm extracts the 
centerlines directly from a gray level image. It includes three steps: (1) Hessian Matrix and 
Frangi filter are adopted to enhance the curvilinear structures, then after image binarization, 
the spurious-fractures and noise are removed by synthesizing the area, circularity and 
rectangularity; (2) On the binary image, Steger algorithm is used to detect fracture centerline 
points, then the centerline points or segments are linked according to the gap distance and the 
angle differences; and (3) Based on the above centerline detection roughly, the centerline points 
are searched in the original image in a local window along the direction perpendicular to the 
normal of the centerline, then these points are linked. A number of rock fracture images have 
been tested, and the testing results show that compared to other traditional algorithms, the 
proposed algorithm can extract rock fracture centerlines accurately.  
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1. Introduction 

In recent years, there are more and more geological damages such as mountain landslide 
caused by rock fractures, which results in huge economic losses and casualties [1-2]. If the 
relevant fractures can be detected and evaluated earlier, the disasters might be avoided or the 
losses would be declined. One of the fundamental steps in rock fracture image analysis is the 
fracture detection, which directly affects the efficiency and the accuracy of the subsequent 
measurements and analyses. Compared with manual measurement, the rock fracture detection 
by image processing is safer, more efficient and more precise [3]. At present, there is still no 
standard image processing algorithm for the rock fracture detection, therefore, the research for 
a new algorithm is significant both in theoretical and in practical. In general, rock fractures can 
be found out in slopes, underground tunnels, underground caverns, mines, pavements, 
mountains and so on, therefore, there are many literatures describing this research topic.  

The rock fracture connectivity was analyzed by the fracture intersections and the 
advisable classification grade of rock surfaces was made based on intersections per fracture [4]. 
The fracture orientation in 3-D was estimated by tracing the fractures of several rock surfaces, 
and then the 3-D characteristics could be determined by the relevant 2-D features [5]. The 
gray-scale transformation and Canny edge detection were extended from 2-D to 3-D for 
processing 3-D seismic rock fractures, which achieved the satisfactory results [6]. The 
classification algorithms based on Sobel, Marr-Hildreth, Harr wavelet and texture analyses 
were respectively applied to classify the damage and non-damage of rock fracture structures, 
which verified that the algorithm, based on texture analysis, could reach to the best results [7]. 
The fracture detection on coal surfaces and the estimation of fluid inclusion traces were 
conducted but the precisions of both detection and regression were to be further improved [8]. 
The fractures on 3-D were enhanced by the multi-scale filter based on Hessian matrix, which 
gained the satisfactory results but was impacted by selected scales [9]. The rock fracture 
centerlines could be extracted by image processing and support vector machine [10], and the 
algorithm was able to extract the fracture centerline in a test, but it is not suitable for all cases. 

Some algorithms were studied for rock fracture measurement rather than the detection 
which might be by manual [11]. A single fracture was well traced and its width was easily 
measured but the algorithm was only suitable for the fractures without intersection [12]. The 
fracture edges were detected by the algorithm based on rough set, the detection results showed 
that the fracture edges are not continuous and the resulted image includes a lot of noise [13]. 
The generalized Hilbert transform was adopted to delineate fractures, which is strongly 
anti-noise; however, the results contained many holes which made difficulty for rock fracture 
measurement and analyses [14]. Fractures were delineated by fractal geometry but the results 
were dissatisfactory since rock surface is too rough [15]. The wavelet transform was utilized to 
detect fractures, which could locate faint fractures and involved spurious fractures [16]. A 
minimum spanning tree algorithm was put forward to extract fractures, the results were 
continuous fractures of one pixel width, but it was not suitable for fractures with intersections 
too [17]. The faint discontinuous fractures were linked according to the connected domain 
correlation; nevertheless, the reasonable parameters might be selected during the local 
histogram equalization and noise reduction [18]. Fractures were extracted by valley edge 
detection of fractional integral, which obtained the satisfied results; however, the parameter of 
fractional integral should be adjusted and the post processing steps might be added [19]. The 
pulse coupled neural network based on the minimum error principle was used to extract 
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fractures, but the complicated algorithm was not suitable for the complexly distributed 
fractures [20]. It was assumed that the light intensity profile of the fracture cross section 
perpendicular to the centerline of a true fracture resembles a Gaussian distribution function 
[21]. Firstly, it used a filter to enhance the fractures with characteristics of symmetry and 
line-like; then, after the gray level image binarization, the fracture centerlines were extracted; 
finally, 1-D Savitzky-Golay smoothing/differentiation filter was adopted to detect fracture 
edges along the direction perpendicular to the centerline. The algorithm was valuable for 
simple fractures while not applicable to the fractures with intersections; meanwhile, the 
assumption above was not always tenable. The rock fractures could also be detected by 
fractional differential [22], local gray value minima [23] and color clustering and quaternion 
based edge detection algorithms [24]. Since rock fracture or pavement crack images are often 
unclear or fuzzy, some image enhancement algorithms can be used as preprocessing [25-26].  

The paper proposes a novel algorithm. It firstly obtains a mask (template) for fracture 
enhancement, then makes centerline extraction roughly, and finally does fracture delineation 
accurately. To gain a fracture mask, Hessian Matrix and Frangi filter are firstly adopted to 
enhance the curvilinear structures, then after image binarization, the spurious-fractures and 
noises are removed by synthesizing the area, circularity and rectangularity. For the second step, 
for extracting a fracture centerline, according to the mask above, Steger algorithm is used on 
the original image to detect and link the centerline points, and then the centerline segments are 
linked based on the distances and angle differences. In the last step, in order to detect fracture 
edges accurately, the rough result is improved in the original image, which including the noise 
removal, centerline points searching and centerline gap linking. 

 

2. Image Enhancement on Hessian Matrix at Multi-scales 

For a 2-D matrix 
2,: RRI ∈Ω→Ω , the definition of Hessian matrix corresponding to I  at 

point ),( yxp  is: 
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Hessian matrix is a real symmetric matrix. If a 2-D image is represented by I , the eigenvalues 

1λ  and 2λ  of Hessian matrix can be used for constructing a filter to enhance the curvilinear 

structures. The parameters 1λ  and 2λ  are calculated as: 
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Where, K  and Q  are calculated by the formula yxxyyyxxyyxx IIIIQIIK −=+= ,2/)(
. 

The eigenvectors 1e  and 2e  corresponding to eigenvalues 1λ  and 2λ  are important 
shape feature parameters. For a 2-D image, the maximum and minimum of a surface curvature 



5076                                            Wang et al.: Rock Fracture Centerline Extraction based on Hessian Matrix and Steger algorithms 

are given by 1λ  and 2λ , meanwhile, the corresponding directions are determined by 1e  and 
2e . As shown in Fig.1, a dark synthetic line is on the bright background; furthermore, the 

intensity profile of the synthetic cross section perpendicular to the centerline resembles a 

Gaussian distribution function. Assume |||| 21 λλ ≤ , Fig.1 shows 1e  and 2e  at the center point. 

Corresponding to 1λ  which is close to 0, the surface is not bending along the tangent plane; 

while corresponding to 2λ  which has a large absolute value, the surface is bending along the 
normal plane. 

 

 
Fig. 1. 2-D synthetic line where the intensity profile of the cross section perpendicular to the centerline 

resembles a Gaussian distribution function 

 

For a given signal ),( yxI , its linear scale-space representation is a family of signals 
);,( σyxI . The definition of );,( σyxI  is: 

 

 );,(),();,( σσ yxgyxIyxI ∗=  (3) 
 

Where, );,( σyxg  is a Gaussian kernel, ∗  represents the convolution operation, σ  is the 

scale parameter which is the deviation of Gaussian kernel. ),()0;,( yxIyxI =  indicates that 

when 0=σ , linear scale-space representation of ),( yxI  is ),( yxI  itself. As σ  larger, 
);,( σyxI  is the result by smoothing ),( yxI  with a larger Gaussian kernel. 

Fig. 2 lists the relationship between eigenvalues of Hessian matrix and shape structures. 

For a 3-D tubular structure, if a voxel belongs to the tubular, the eigenvalues of Hessian matrix 

at the point satisfies 3231211 |,||||,|||,0|| λλλλλλλ ≈<<<<≈ . For a 2-D curve structure, if a 

pixel belongs to the curve, the eigenvalues of Hessian matrix at the point 

meets ||||,0|| 211 λλλ <<≈ . 
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Fig. 2. Relationship between eigenvalues of Hessian matrix and shape structures (H = high, L = low, +/- 

represent the sign of the eigenvalue, the eigenvalues are ordered as: 321 λλλ ≤≤ ) 
 

According to Fig. 2, Frangi [27] proposed a method to extract 3D tubular structures. The 
algorithm is based on the following probability function: 
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Where, c,,βα  are the linear filter parameters to control the sensitivity of SRR BA ,, , 
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function for 2-D curve structure is as follows: 
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In light of   scale-space theory, the output of Frangi filter reaches the maximum when the 

curve width w  matches the scaleσ . The multi-scale enhancement algorithm based on 

Hessian matrix adopts various σ  to compute oν  and chooses the maximum as the final output 
[ ]);,(max),( σν yxyxf o= . Frangi filter and its improved version were widely used for 

blood vessel enhancement [28]. 
The curvilinear structures are obviously enhanced by Frangi filter; however; some 

spurious fractures are also removed in this operation. After image binarization, the fractures 
have the large areas and obvious line-like structures while the spurious fractures have small 
areas and obsolete line-like structures. Hence, for the fracture with no intersection, spurious 
fractures can be removed directly by synthesizing the areas, circularity and rectangularity; for 
the fracture with intersections, they should be extracted before the spurious fracture removal. 

Area is a metric of object size and is an important geometry feature. It plays a significant 
role in image analysis and is often used as a threshold for removing false objects. The common 
method of area calculation is accumulating the pixel number in the interior domain: 
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Where, ),( yxf  is a binary image, 1),( =yxf  represents for objects, 0),( =yxf  

represents for the image background. 
Circularity is a shape feature widely applied in image analysis. The definition commonly 

used is: 

 SPC /2=  (7) 
Where, P  and S  are perimeter and area of an object respectively. When an object is of a 
circulated shape, π4=C . The more circular the object is, the smaller C  becomes; the more 
slender the object is, the larger C  turns. 

Rectangularity is another important shape feature which is usually applied to distinguish 
the slender object from the spheroidal/quadrate object. One of the parameters named length to 
width ratio is defined as: 

 MERMER LWr /=  (8) 

Where, MERW  and MERL  are the width and length of the minimum circumscribed rectangle of 

an object, respectively.  

3. Fracture Centerline Extraction on Gray Level 

3.1 Feature Point Detection of Fracture Centerline 
Hessian matrix was applied to track the vessel centerlines in Coronary Arteriograms according 
to the curvilinear structures [29]. The centerlines in other objects can also be extracted based 
on Hessian matrix [30]. 

Steger [31] drew a conclusion by studying the scale-space properties of 1-D curve. The 

second order derivative reaches to the extreme as 3σ=w , where, w  is the width of 1-D 
curve and σ  is the deviation of the Gaussian kernel. The conclusion can be extended to 2-D 

ridge/valley which can be modeled as )(ts . Suppose )(tn  is the normal of )(ts . If a point 

belongs to the feature point of ridge/valley, the first order derivative at this point along )(tn  
equals to 0, meanwhile, the second derivative at this point reaches to the extreme. 

The partial differentials of Gaussian kernel are defined as: 
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Where, )(xgσ  and )(ygσ  are 1-D Gaussian kernels with deviation σ . Firstly, image 
),( yxI  is convoluted with these kernels to obtain the partial differentials of ),( yxI  

),(),,(),,(),,(),,( yxryxryxryxryxr yyxyxxyx : 
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Secondly, Hessian matrix is constructed as: 
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Thirdly, the eigenvalue λ  with maximal absolute value and its corresponding eigenvector 

),( yx nn  are calculated. ),( yx nn  satisfies 1||),(|| 2=yx nn , and gives the normal direction. The 

zero-crossing position of the first derivative along ),( yx nn  can be determined by the Taylor 
polynomial interpolation: 

 ),(),( yxyx ntntpp ⋅⋅=  (12) 

Where, 

22 2 yyyyxxyxxx
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If [ ] [ ]2
1

2
1

2
1

2
1 ,,),( −×−∈yx pp , the pixel is the feature point of the centerline, furthermore, if 

the second derivative reaches to the extreme, the pixel is considered as a salient point of the 
centerline. 

3.2 Feature Point Linking in Fracture Centerline 
Three kinds of feature point information of the fracture centerline can be obtained as: the 

direction )sin,(cos),( αα=yx nn , the intensity is the second derivative at the point, and the 

sub-pixel position ),( yx pp  is the zero-crossing position of the first derivative along ),( yx nn . 
According to these kinds of information, the linking algorithm suggested by Steger [31] is as 
follows: 

There are many curves in a fracture image, each of which is corresponding to a 
maximum of the second derivative extremes. These curves are descending ordered by their 
corresponding maximum. For every element/curve in the descending ordered array, the points 

http://dict.cnki.net/dict_result.aspx?searchword=%e6%b3%b0%e5%8b%92%e5%a4%9a%e9%a1%b9%e5%bc%8f&tjType=sentence&style=&t=taylor+polynomial
http://dict.cnki.net/dict_result.aspx?searchword=%e6%b3%b0%e5%8b%92%e5%a4%9a%e9%a1%b9%e5%bc%8f&tjType=sentence&style=&t=taylor+polynomial
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linking process is: firstly, the algorithm locates the feature point at which the second derivative 
extreme reaches to the maximum, and it considers the point as the current feature point; 
secondly, the algorithm searches the candidates and chooses the next feature point according 

to 
⊥n  of the current feature point; finally, the process is executed until there is no feature point 

which satisfies the constraint. The feature point at which the second derivative extreme 
reaches to the maximum is usually not an endpoint of the curve; therefore, the process above 
can only complete the feature point linking on one side of the feature points at which the 
second derivative extreme reaches to the maximum, therefore, to complete the feature point 

linking on the other side, the same process is operated along the direction 
⊥− n  of the feature 

points at which the second derivative extreme reaches to the maximum. The curves are linked 
in order until a maximum of the second derivative extreme of a certain curve is lower than the 
high threshold thresholdhigh _ . 

The scheme of searching and choosing a feature point is as follows. 
)sin,(cos),( αα=yx nn  is accurate enough to simply consider three pixels in the eight 

neighborhood of the current feature point as the candidates. For example, if the position is 
),( yx qq  and the direction is ( ]8,8 ππα −∈ , )1,1( −+ yx qq , ),1( yx qq +  and 

)1,1( ++ yx qq  are candidates. The distances 221 ppdis −=  and angle differences 
[ ]2,0,21 παα ∈−= difdif  are calculated for every candidate and the point with minimal 

difdis +  will be considered as the linking point if its corresponding second derivative 
extreme is higher than the low threshold thresholdlow _ . 

3.3 Feature Segment Linking in Centerline  

However, as depicted above, many centerline segments of a fracture can be obtained. We can 
refine the segments: for every segment, there are at most two points in its eight neighborhood. 
For the convenience of further measurement, the segments are linked based on the thresholds 
of the distance and angle differences. The process is: 

Firstly, for every endpoint in image I , the position ),( yx  and the direction angle  are 

marked. The angle calculation process is: set the endpoint ),( yx  as the start point; backtrack 

n  points on the segment; calculate the mean of coordinates ),( yx ; )),(),(( yxyxangle →= , 
where, →  represents rotation. It is notified that if the other endpoint is encountered during the 
backtracking process, all points on the segment are used for mean computation. Secondly, for 

every endpoint currentp of ),( yx , the other endpoints are searched in the range of 
[ ] [ ]δδδδ +−×+− yyxx ,, ; if there exist other endpoints, the distances dis  and angle 

differences dif  are calculated from the current endpoint currentp  to all the other endpoints. 

Finally, among all the other endpoints of which both dis  and dif  satisfy the setting 

thresholds of the distance and angle difference, the endpoint selectedp  with minimal difdis +  

is selected and currentp  is connected to selectedp  by a line. 
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3.4 Improvement of Fracture Mask on Centerline Extraction 
The idea of taking advantage of the mask for centerline extraction originated from [32], which 
made use of the retinal vessel mask to extract centerline.  

In the process of the feature point detection, for every pixel in an original image, firstly, 
the convolutions of the pixel with different partial differentials of Gaussian kernel are 
implemented; secondly, Hessian matrix is constructed for the point; finally, the point is judged 
whether it is the feature point or not. It is a time-consuming process. In this study, the feature 
point of the centerline is only detected and linked on the original image in a range of mask, so 
the algorithm speed is intensively accelerated while the algorithm accuracy is not decreased. 

In the process of feature point detection, the mainly used parameter isσ , which is set as 

the maximal scale parameter maxσ in the multi-scale enhancement algorithm. In the process of 

feature point linking, the involved parameters are thresholdhigh _  and thresholdlow _ . The 
fractures on the original image in a range of mask are to be extracted as much as we can, so the 

thresholdhigh _  is set as the value which is slightly greater than 0. As we tested five 
different values 0.05, 0.08, 0.1, 0.12, 0.15 for more than 65 rock fracture images, we set 

01.0_ =thresholdhigh  and 0_ =thresholdlow  for all fracture images in this study. 
Therefore, compared with the algorithm operated on the whole original image, Steger 
algorithm implemented in the range of mask omits the tedious parameter setting procedure. 

4. Experiments and Analyses 
To verify the availability of the new algorithm, more than 100 rock fracture images and about 
50 pavement crack images were tested, and the several typical images in this paper are 
presented as follows. For all the images, the algorithm studied is compared with some widely 
used algorithms, such as Canny detection [33], auto thresholding [34], Valley edge detection 
[21, 25], Minimum spanning tree (MST) [27], Clustering analysis [35], and Fuzzy C-Means 
(FCM) based segmentation algorithms [36]. For all the images, as tested, in Frangi filter, the 
threshold parameters are set as 01.0_ =thresholdhigh  and 0_ =thresholdlow  as discussed 
in the above section. 

Fig. 3(a) presents a simple pavement crack image, where, the pavement surface is rough 
as usual, the illumination is even, and only one crack clearly shows up.  

 

   
(a) (b) (c)  

Fig. 3. Procedure of centerline extraction on pavement for a simple crack image: (a) Original crack 
image; (b) Multi-scale enhancement; and (c) Centerline point detection and linking. 

 
First, the crack image is enhanced by Frangi filter, which obtains the satisfactory result by 

choosing only one scale, the crack is strengthen as shown in Fig. 3(b); and then after image 
binarization by Otsu thresholding [34], the noise are filtered away by simply using an area 
threshold (20 pixels), finally the centerlines are extracted by Steger algorithm, as shown in Fig. 
3(c). 

In the comparison between our new algorithm and conventional algorithms on this image, 
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the conventional algorithms involve three different threholdings (gray level similarity), two 
edge detection (discontinuity) algorithms, and a graph based algorithm (MST).  

For comparing to Fig. 3(c), as shown in Fig. 4(a), Even the crack is extracted roughly, 
Otsu thresholding results in a lot of noise which makes crack tracing hard in post processing; 
Iterative thresholding and Entropy thresholding [34] can produce less noise as shown in Fig.  
4(b-c), but they create some gaps in the crack, which can also make crack delineation difficult; 
Canny edge detector gives crack boundary location well, but many spurious edges and noise 
appear in the resulted image (Fig. 4(d)); Valley edge detector can extract the centerline of the 
crack, the noise cannot be suppressed (Fig. 4(e)); MST detects the most parts of the crack, but 
it produces some spurious cracks; and the new algorithm can make a good detection result as 
shown in Fig. 3(c). By the comparison, we conclude that for such a crack image, the new 
algorithm can achieve more excellent result than others. In the aspect of anti-noise, the new 
algorithm overcomes the background noise affections, which cannot be completely filtered out 
by the conventional algorithms. 
 

   
 (a)  (b) (c)  

   
 (d)  (e) (f) 
Fig. 4. Comparison between six conventional algorithms on image in Fig. 3(a): (a) Otsu thresholding; 
(b) Iterative thresholding; (c) Entropy thresholding; (d) Canny edge detection; (e) Valley edge detection; 

and (f) Graph based operation (MST). 
 

It is very different to the image in Fig. 3(a), the image in Fig. 5(a) is a complicated 
multiple rock fracture image, where, several fractures intersected each other, in addition to the 
rough surface, it has 3D geometry and shadow properties. Iterative thresholding separates the 
image into different blocks, where, black color presents fractures and spurious fractures (Fig. 
5(b)), which is an over-segmentation result; Canny edge detector extracts main fractures 
roughly, but the resulted image includes many spurious fractures and noise, and the detected 
fractures are not continuous (Fig. 5(c)); Valley edge detector extracts the centerlines of the 
fractures, but there are still some noise and gaps (Fig. 5(d)); FCM result is the similar to that 
by Iterative thresholding, and it consists of some fault blocks; both Clustering analysis and  
MST detect the most parts of fractures (Fig. 5(f-g)), the results are better than that by FCM, but 
they also produce some spurious fractures; and the new algorithm can make a good detection 
result as shown in Fig. 5(h).  

Fig. 6 lists four complex fracture images and their corresponding processing results. The 
first row presents four original images, and the second row is for the above images’ 
corresponding centerline extraction results. 

As shown in Fig. 6(a), it is a pavement image including a crack network, and the cracks 
cut the image into 12 blocks with 10 junctions. The extraction result is that the boundaries of 
the blocks are traced well and the 10 junction points are detected; the only shortage is the block 
boundaries need to extend 5-10% longer for the weak edge parts, which can be resolved by a 
post function. 
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 (a) (b) (c) (d) 

     
 (e) (f) (g) (h) 

Fig. 5. Comparison between new algorithm and six conventional algorithms for a complicated rock 
fracture image: (a) Original rock fracture image; (b) Iterative thresholding; (c) Canny edge detection; (d) 
Valley edge detection; (e) FCM operation; (f) Cluster analysis operation; (g) MST operation; and (h) 

New algorithm operation. 
 

 

    
 (a)  (b) (c) (d) 

    
 (e)  (f) (g) (h) 
Fig. 6. Four complex fracture image processing results: (a), (b), (c) and (d) are for four original fracture 

images; (e), (f), (g) and (h) present the corresponding centerline extraction results of the above four 
fracture images. 

 
The image in Fig. 6(b) presents for rock fractures, it includes a fracture network with 

shadows and noise, and the fractures are thick. The result is that the shadows and noise are not 
detected as fractures; and the centerlines are well located in the fractures. The remaining two 
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rock fracture images (Fig.6(c-d)) are more complex, where, surfaces are very rough, 
illuminations are uneven; in addition to the noise, and there are characteristics of 3D geometry 
and shadows, which make fracture tracing harder, even though, the new algorithm 
satisfactorily extracts the rock fracture centerlines.  

As above experiments, compared to other widely used image segmentation algorithms, 
the new algorithm can accurately and well extract centerlines of rock fractures even in a noised 
image, which is significance for rock fracture measurement and analysis in different rock 
engineering applications.  

5. Conclusion 
According to the rock fracture characteristics, the paper proposes a novel method for the 
fracture centerline extraction based on Frangi filter and Steger algorithm. Firstly, Frangi filter 
is used to obtain the fracture mask. Secondly, based on the mask, Steger algorithm and the 
segments linking algorithm are applied to extract the fracture centerlines roughly. Finally, to 
do the centerline tracing accurately, the centerline points are searched along the direction and 
linked based on the original image information. The paper chooses the pavement crack and rock 
fracture images for testing. The results verify that the centerline extraction by the new 
algorithm is more accurate than traditional algorithms. 

The centerline extraction on the original fracture images is based on Steger algorithm, 
and the results are more precise in the studied images. Since the centerline extraction is 
directly from a gray level image, without image binarization step and any binary image 
operation step, the whole procedure of centerline extraction is more efficient.  

The limitation of the proposed method is that there are some leakages of centerlines on 
intersections in some cases, which will be studied further.  

References 
[1] J. Wang, L. Chang and Y. Chen,“Study on Probability Damage Evolutionary Rule of Jointed Rock 

Mass Slope,” Chinese Journal of Rock Mechanics and Engineering, vol.25, no.7, pp.1396-1401, 
2006. Article (CrossRef Link) 

[2] R. Lian and W. Wang, “Rock Fracture Skeleton Extraction and Fractal Analysis,” Journal of 
Fuzhou University (Natural Science Edition), vol.42, no.1, pp.138-142, 2014. 
Article (CrossRef Link) 

[3] W. Wang, F. Wang, X. Huang and J. Song,“Rock Fracture Image Acquisition Using Two Kinds of 
Lighting and Fusion on a Wavelet Transform,” Bulletin of Engineering Geology and the 
Environment, Online ISSN1435-9537, DOI10.1007/s10064-015-0747-4, 2015. 
Article (CrossRef Link) 

[4] S. Ozkaya and J. Mattner,“Fracture Connectivity from Fracture Intersections in Borehole Image 
Logs,” Computers & Geosciences, vol.29, pp.143-153, 2003. Article (CrossRef Link) 

[5] J. Kemeny and R. Post,“Estimating Three-dimensional Rock Discontinuity Orientation from 
Digital Images of Fracture Traces,” Computers & Geosciences,vol.29, pp.65-77, 2003. 
Article (CrossRef Link) 

[6] H. Di and D. Gao,“Gray-level Transformation and Canny Edge Detection for 3D Seismic 
Discontinuity Enhancement,” Computers & Geosciences, vol.72, pp.192-200, 2014. 
Article (CrossRef Link) 

[7] S.Kabir, P. Rivard and D. He, “Philippe Thivierge. Damage Assessment for Concrete Structure 
Using Image Processing Techniqueson Acoustic Borehole Imagery,” Construction and Building 
Materials, vol.23, pp.3166–3174, 2009. Article (CrossRef Link) 

http://dx.chinadoi.cn/10.3321/j.issn:1000-6915.2006.07.015
http://dx.chinadoi.cn/10.7631/issn.1000-2243.2014.01.0138
http://link.springer.com/journal/10064
http://link.springer.com/journal/10064
http://dx.chinadoi.cn/10.3321/j.issn:1001-1250.2006.03.005
http://dx.doi.org/10.1016/S0098-3004(02)00113-9
http://dx.doi.org/10.1016/S0098-3004(02)00106-1
http://dx.doi.org/10.1016/j.cageo.2014.07.011
http://dx.doi.org/10.1016/j.conbuildmat.2009.06.013


KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 9, NO. 12, December 2015                                5085 

[8] J. Xu and X. Zhao, “Determination of Fluid Inclusion Lines Using Edge Detection Technique,” 
Chinese Journal of Rock Mechanics and Engineering, vol.26, no.6, pp.1132-1137, 2007. 
Article (CrossRef Link) 

[9] M. Voorn and U. Exner, “Alexander Rath. Multiscale Hessian Fracture Filtering for the 
Enhancement and Segmentation of Narrow Fractures in 3D Image Data,” Computers & 
Geosciences, vol.57, pp.44-53, 2013. Article (CrossRef Link) 

[10] L. Guo, J. Liao, F. Zhong, J. Chen, H. Huang and X. Yu, “Kaiying Dong. Automated Detection of 
Rock Discontinuity Trace Based on Digital Image Processing and SVM,” Journal of Sichuan 
University (Engineering Science Edition), vol.44, no.6, pp.203-210, 2012. Article (CrossRef Link) 

[11] C. Liu, Ch. Tang, B. Shi and W. Suo, “Automatic Quantification of Crack Patterns by Image 
Processing,” Computers & Geosciences, vol.57, pp.77-80, 2013. Article (CrossRef Link) 

[12] L. Cui, Q. Zhu and J. Zhang, “Algorithm Study of Edge Location and Feature Measurement of 
Building Surface Crack Images,” Applied Mechanics and Materials, vol.380-384, pp.1045-1049, 
2013. Article (CrossRef Link) 

[13] W. Dong, F. Zhu, Zh. Yin and Ch. Zhang, “Research on Road Surface Cracks Detection Based on 
Rough Set,” Advanced Materials Research, vol.566, pp.633-636, 2012. Article (CrossRef Link) 

[14] X. Xiong, Zh. He, M. Zhao and D. Huang, “A New GHT-based Fractural Detection Method,” Oil 
Geophysical Prospecting, vol.44, no.4, pp.442-444, 2009. Article (CrossRef Link) 

[15] H. Wang, N. Zhu and Q. Wang, “Segmentation of Pavement Cracks Using Differential 
Box-counting Approach,” Journalof Harbin Instituteof Technology, vol.39, no.1, pp.142-144, 
2007. Article (CrossRef Link) 

[16] L. Gou and Zh. Xu, “Multi-scale Edge Detection of Wavelet and Application in Fracture 
Prediction,” Oil Geophysical Prospecting, vol.40, no.3, pp.309-313, 2005. Article (CrossRef Link) 

[17] Q. Zou, Q. Li, Q. Mao and L. Chen, “Target Points MST for Pavement Crack Detection,” 
Geomatics and Information Science of Wuhan University, vol.36, no.1, pp.71-75, 2011. 
Article (CrossRef Link) 

[18] F. Liu, G. Xu, J. Xiao and Y. Yang, “Cracking Automatic Extraction of Pavement Based 
onConnected Domain Correlating and Hough Transform,” Journal of Beijing University of Posts 
and Telecommunications, vol.32, no.2, pp.24-28, 2009. Article (CrossRef Link) 

[19] W. Wang and L. Wu, “Extraction of Pavement Cracks Based on Valley Edge Detection of 
Fractional Integral,” Journal of South China University of Technology (Natural Science Edition), 
vol.42, no.1, pp.117-122, 2014. Article (CrossRef Link) 

[20] H. Zhao, W. Ge and X. Li, “Detection of Crack Defect Based on Minimum Errorand Pulse 
Coupled Neural Networks,” Chinese Journal of Scientific Instrument, vol.33, no.3, pp.637-642, 
2012. Article (CrossRef Link) 

[21] W. Wang, W. Li and X. Yu, “Fractional Differential Algorithms for Rock Fracture Images,” The 
Imaging Science Journal, vol.60, pp.103-111, 2012. Article (CrossRef Link) 

[22] W. Wang and L. Chen, “Flotation Bubble Tracing Based on Harris Corner Detection and Local 
Gray Value Minima,” Minerals, vol.5, no.2, pp.142-163, 2015. Article (CrossRef Link) 

[23] W. Wang and Sh. Liu, “Online Burning Material Pile Detection on Color Clustering and 
Quaternion Based Edge Detection in Boiler,” KSII Transactions on Internet and Information 
Systems, vol. 9, no. 1, pp.190-207, 2015. Article (CrossRef Link) 

[24] W. Wang, X. Zhang, T. Cao, L. Tian, Sh. Liu Sheng and Zh. Wang, “Fuzzy and Touching Cell 
Extraction on Modified Graph MST and Skeleton Distance Mapping Histogram,” Journal of 
Medical Imaging and Health Informatics, vol.4, no.3, pp.350-357, 2014. Article (CrossRef Link) 

[25] Sh. Zhang, W. Wang, Sh. Liu and X. Zhang, “Image Enhancement on Fractional Differential for 
Road Traffic and Aerial Images under Bad Weather and Complicated Situations,” Transportation 
Letters: the International Journal of Transportation Research, vol.6, no.4, pp.197-205, 2014.  

[26] Article (CrossRef Link) 
[27] H. Nguyen, T. Kam and P. Cheng,“An Automatic Approach for Accurate Edge Detection of 

Concrete Crack Utilizing 2D Geometric Features of Crack,” Journal of Signal Processing Systems, 
vol.77 ,no.3, pp.221-240, 2014. Article (CrossRef Link) 

 

http://dx.chinadoi.cn/10.3321/j.issn:1000-6915.2007.06.005
http://dx.doi.org/10.1016/j.cageo.2013.03.006
http://dx.doi.org/10.1016/j.cageo.2013.04.008
http://dx.doi.org/10.1016/j.cageo.2013.04.008
http://dx.doi.org/doi:10.4028/www.scientific.net/AMM.380-384.1045
http://dx.doi.org/doi:10.4028/www.scientific.net/AMR.566.633
http://dx.doi.org/doi:%2010.13810/j.cnki.issn.1000-7210.2009.04.004
http://dx.doi.org/doi:10.3321/j.issn:0367-6234.2007.01.036
http://dx.doi.org/doi:10.13810/j.cnki.issn.1000-7210.2005.03.019
http://dx.doi.org/doi:10.13203/j.whugis2011.01.024
http://dx.doi.org/doi:10.13203/j.whugis2011.01.024
http://dx.doi.org/doi:10.3969/j.issn.1000-565X.2014.01.020
http://dx.doi.org/doi:10.3969/j.issn.0254-3087.2012.03.023
http://dx.doi.org/doi:10.1179/1743131X11Y.0000000012
http://dx.doi.org/doi:10.3390/min5020142
http://dx.doi.org/doi:10.3837/tiis.2015.01.011
http://dx.doi.org/doi:10.1166/jmihi.2014.1264
http://dx.doi.org/doi:10.1179/1942787514Y.0000000025
http://dx.doi.org/doi:10.1007/s11265-013-0813-8


5086                                            Wang et al.: Rock Fracture Centerline Extraction based on Hessian Matrix and Steger algorithms 

[28] A. Frangi, W. Niessen, K. Vincken and M. Viergever, “Multi-scale Vessel Enhancement 
Filtering,”  in Proc. of International Symposium on Medical Image Computing Computer-Assisted 
Intervention (MICCAI’98), pp.130-137, 1998. Article (CrossRef Link) 

[29] F. Zhang, X. Zhang, X. Liu, K. Cao, H. Du and Y. Cui, “Blood Vessel Enhancement for DSA 
Images Based on Adaptive Multi-scale Filtering,” Optik, vol.125, pp.2383-2388, 2014. 
Article (CrossRef Link) 

[30] Y. Xu, G. Hu, L. Shang and J. Geng, “Adaptive Tracking Extraction of Vessel Centerlines in 
Coronary Arteriograms Using Hessian Matrix,” Journal of Tsinghua University (Natural Science 
Edition), vol.47, no.6, pp.889-892, 2007. Article (CrossRef Link)  

[31] G. Li, J. Tian, M. Zhao and H. He, “Centerline Extraction Based on Hessian Matrix,” Journal of 
Software, vol.14, no.12, pp.2074-2081, 2003. Article (CrossRef Link) 

[32] C. Steger, “An Unbiased Detector of Curvilinear Structures,” IEEE Transactions on Pattern 
Analysis and Machine Intelligence, vol.20, no.2, pp.113-125, 1998. Article (CrossRef Link) 

[33] J.Chen, Sh.Liu and Ch. Peng, “Precise Vessel Centerline Extraction of Retinal Images Using 
Ridge Detection,” Journal of Chongqing University, vol.34, no.8, pp.1-7, 2011. 
Article (CrossRef Link) 

[34] J. Canny, “Computational Approach to Edge Detection,” IEEE Transactions on Pattern Analysis 
and Machine Intelligence, vol.8, no.6, pp.679-698, 1986. Article (CrossRef Link) 

[35] W. Wang, “Colony Image Acquisition System and Segmentation Algorithms,” Optical 
Engineering, vol.50, no.12, 123001, 2011. Article (CrossRef Link) 

[36] L. Xu, Sh. Xu and Y. You et al., “Segmentation Method for Personalized American Car Plate 
Based on Clustering Analysis,” Journal of Zhejiang University (Engineering Science), vol.46, 
no.12, pp. 2155-2159, 2012. Article (CrossRef Link) 

[37] R. Hathaway, Y. Hu, “Density-Weighted Fuzzy C-Means Clustering,” IEEE Transactions on 
Fuzzy Systems, vol.17, no.1, pp.243-252, 2009. Article (CrossRef Link) 

 
 
 
 
 
 
 
 
 

 
 

Wang Weixing professor in Information engineering. He obtained his PhD degree in 
1997 at Royal Institute of Technology in Sweden, since 2001, he has been a PhD 
supervisor at Royal Instituet of Technology, now he is a visiting professor at Fuzhou 
University, and his interests involve Information engineering, Image processing and 
analysis, Pattern recognition and Computer Vision. 

 

Liang Yanjie Master student at School of Physics and Information Engineering, 
Fuzhou University, China. His interests involve Image processing and analysis, Pattern 
Recognition and Computer Vision. 

 

http://dx.doi.org/doi:10.1007/BFb0056195
http://dx.doi.org/doi:10.1016/j.ijleo.2013.10.111
http://dx.doi.org/doi:10.3321/j.issn:1000-0054.2007.06.034
http://dx.doi.org/doi:10.13328/j.cnki.jos.2003.12.013
http://dx.doi.org/doi:10.1109/34.659930
http://dx.doi.org/doi:10.11835/j.issn.1000-582X.2011.08.001
http://dx.doi.org/doi:10.1109/TPAMI.1986.4767851
http://dx.doi.org/doi:10.1117/1.3662398
http://dx.doi.org/doi:10.3785/j.issn.1008-973X.2012.12.012
http://dx.doi.org/doi:10.1109/TFUZZ.2008.2009458

