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Abstract:

Accurate segmentation of fractures in coal rock CT images is important for safe production and
the development of coalbed methane. However, the coal rock fractures formed through natural
geological evolution, which are complex, low contrast and different scales. Furthermore, there is no
published data set of coal rock. In this paper, we proposed adaptive multi-scale feature fusion based
residual U-uet (AMSFFR-U-uet) for fracture segmentation in coal rock CT images. The dilated
residual blocks (DResBlock) with dilated ratio (1,2,3) are embedded into encoding branch of the U-uet
structure, which can improve the ability of extract feature of network and capture different scales
fractures. Furthermore, feature maps of different sizes in the encoding branch are concatenated by
adaptive multi-scale feature fusion (AMSFF) module. And AMSFF can not only capture different
scales fractures but also improve the restoration of spatial information. To alleviate the lack of coal
rock fractures training data, we applied a set of comprehensive data augmentation operations to
increase the diversity of training samples. Our network, U-net and Res-U-net are tested on our test set
of coal rock CT images with five different region coal rock samples. The experimental results show
that our proposed approach improve the average Dice coefficient by 2.99,, the average precision by

7.2% and the average Recall by 9.1%), respectively. Therefore, AMSFFR-U-net can achieve better

segmentation results of coal rock fractures, and has stronger generalization ability and robustness.

Keywords: adaptive multi-scale feature fusion, U-net, fracture segmentation in coal rock CT image,

dilation convolutions, residual U-net.



1. Introduction

The coal rock fracture network are the adsorption and seepage channels for gas and

groundwater. The initiation and expansion of fractures are likely to cause the leakage of gas

and groundwater when the underground mining activities cause the stress response of coal

rock. Therefore, the accurately expressing the characteristics of fracture network are great

significance for the safe production in coal mines, the coal seam fracturing and gas extraction.

Industrial CT (Computed Tomography) technology is a nondestructive scanning method to

detect the internal structure of coal, thereby we currently research coal rock fractures by coal

rock CT images. However, coal rock CT images have the characteristics of high-density noise,

weak coal rock fractures and different size fractures. The large-scale fractures through the

entire section of coal rock CT image, while small-scale fractures have only 1-5 pixels. Further,

coal rock CT image samples are lacking. Therefore, it is a challenging task for fracture

segmentation in coal rock CT images.

The main digital image processing techniques based on traditional segmentation methods,

such as threshold-based segmentation [1-2], edge detection [3-4], region growing [5] and

segmentation based on watershed [6] etc. These traditional methods need to design the

hand-craft feature representation for a new target segmentation [7]. However, the shape and

location of coal rock fractures are unfixed, which make it difficult to define the coal rock

fractures shape manually. Furthermore, the grayscale values of weak and tiny fractures are

close to the grayscale values of the surrounding coal matrix. At present, the existing

segmentation methods based on grayscale and texture features are very difficult to extract



weak fractures. To summarize, the traditional segmentation methods are not robust enough for

the segmentation of weak and tiny fracture. It [8] proposed a coal rock fracture segmentation

method based on the consistency of contour evolution and gradient direction consistency.

However, the segmentation results of are still poor at the weak boundaries where the gradient

change is not obvious. Therefore, the traditional segmentation method is not suitable for the

fracture of coal rock.

In recent years, CNN (Convolutional Neural Network) are widely applied in the image

segmentation because of its powerful feature extraction ability. U-net [9] was proposed to

segment cell boundaries on limited data set, which achieved great success. It is a typical

encoder-decoder structure, and are widely used in the field of image segmentation, especially

in the medical field [10-12]. However, the simple feature fusion method will lead to weak

feature extraction ability of U-net, so original U-net is easy to lose weak and tiny fractures.

The issue is usually solved by increasing the size of the receptive field to capture context

information and improving feature extraction ability of network. On one hand, PSPNet [13],

Atrous Spatial Pyramid Pooling [14], Spatial pyramid pooling [15] and GRANet [16], these

approaches leveraged spatial pyramid and dilated convolution to capture information.

Although having achieved higher segmentation results, these methods cause too much

computation burden. On other hand, RefineNet [17], G-FRNet [18] and FDNET [19], these

methods reused feature maps of earlier layers in the encoder module to capture multi-scale

feature and improve the restoration of spatial information, which obtained accurate

segmentation results. However, these methods are not only complex in design but also require



large training data sets. And it may cause grid artifacts [21]. However, the train data of coal

rock CT images is lacking.

However, no literature method so far coped with fractures of coal rock CT images based

on multi-scale fusion method. Here, according to the characteristics of coal rock fractures, we

proposed a novel network based on the strengths of the above methods and U-net, namely

adaptive feature fusion based residual U-net for fractures segmentation in coal rock CT

images (AMSFFR-U-net). The main contributions of our work are as followings:

1) We developed a novel network to segment coal rock fractures based on U-net structure.

2) We proposed an adaptive feature fusion module (AMSFF). The different scales of

feature maps in encoding branch are fused by AMSFF to capture context information and

reduce the loss of spatial information, which can improve the ability of multi-scale feature

extraction and spatial information restoration.

3) To prevent over-fitting, we use a set of comprehensive data augmentation methods to

increase the diversity of training samples.

The remaining content of the paper is organized as: In Section 2, we described the

methodology of our proposed approach in detail. In Section 3, we introduced the data sets

creation, data pre-processing and the data augmentation. In section 4, we reported the

experimental results and comparisons. And we conclude our paper and discuss the future

directions in Section 5.

2. Methods

As a particularly successful semantic segmentation structure, U-net [9] is widely used in



the field of image segmentation. It successfully achieved accurate segmentation results on 30

cell training samples. Moreover, there are some similarities between cell boundaries and coal

rock fractures. And there is a lack of data on coal rock fractures. Therefore, this paper

attempts to segment coal rock fractures based on U-net structure. However, coal rock

fractures are complex compared to cell boundaries, such as weak and tiny fractures in coal

rock. However, the original U-net will omit the weak and tiny coal rock fractures due to its

simple feature fusion method. Moreover, the original U-net use VGG network, while feature

extraction capability of VGG is weaker than ResNet. The residual learning framework can

prevent the gradient disappearing and improve the performance of training when network is

deepen [20]. Inspired by this, a novel network of fractures segmentation in coal rock CT

images based on U-Net was proposed, which to strengthen the feature extraction ability of

weak and tiny fractures. And the precise structure is shown in Fig.1.
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Fig.1. Architecture of our proposed, which comprises encoding branch, AMSFF and decoding branch. 1)
Encoding branch consisted of one Residual Block (ResBlock) with a dilation rate of 1 and three Dilated Residual
Block (DResBlock) with dilation ratios (1, 2, 3). 2) AMSFF adaptive fuse the different scales feature maps of all

cell blocks from encoding branch. 3) Decoding branch consisted of four ResBlock and 4 up-sampling layers. 4)
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The number below each rectangle represents the size of the feature map, such as 256x256 .

The AMSFFR-U-Net has three main parts: encoding branch, adaptive feature fusion

module (AMSFF) and decoding branch. Fig.1 shows the overall structure. In the architecture,

each convolution layers except the last output layer is composed of batch normalized (BN),

exponential linear unit function (ELU) and 3x3 convolution.

In the coal rock fracture images, the grayscale values of the weak and tiny fracture

boundaries are close to the grayscale values of the coal matrix. It is easy to result in

mis-segmentation when global context information is not fully understood. To reduce the

mis-segmentation, it can make the network better understand the global context information

by using dilated convolution to increase the receptive field usually. However, it is may cause

grid artifacts by using the convolution of the same dilation rate many times on the feature

images of the same resolution [21]. Hybird dilation convolution (HDC) [21] was proposed to

solve the issue. Inspired by this work, this paper used three dilated convolution layers to

construct DResBlock without increasing numbers of parameter and the dilated ratio D of three

Conv3x3in the DResBlock is defined as 1,2,3, respectively. It can better capture global

contextual fracture feature to reduce the loss of information of weak and tiny coal rock

fractures. The structure of dilated residual block is depicted in Fig.2.
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Fig.2 Illustration of the structure of dilated residual block. (a)The residual block, D=1. (b) The structure of

dilated residual block, and the dilated ratio D of different convolutional layers is 1,2,3, respectively.

Furthermore, AMSFF module fuse the different scales feature maps from encoding

branch, which is a largely supplement to DResBlock to capture multi-scale coal rock

fractures.

Encoding branch: Encoding branch mainly focuses on learning fractures feature and



reducing the resolution of coal rock CT images gradually. And it consisted of one ResBlock

with a dilation rate of 1 and three DResBlock with dilation rates of 1, 2 and 3. However, Coal

rock images have not only sparse targets but also fractures of different scales, such as small

fractures with only 1-5 pixels. And the more obvious the fractures are, the closer the grayscale

values are to 0, while the coal matrix is similar to weak tiny fractures and have larger gray

values. Pooling operation is easy to cause the loss spatial information and feature information

of the weak and tiny fractures. Therefore, each DResBlock use a stride of 2 in the first layer to

reduce the size of feature instead of pooling operation.

Adaptive Multi-Scale Feature Fusion: However, in the encoder-decoder structure, much

spatial and feature information is lost because continuously reduce the sizes of the feature

maps in encoding branch, especially weak and tiny fractures. To address the issue, this paper

proposed adaptive feature fusion module to fuse the different scales feature maps of all from

encoding branch. AMSFF and DResBlock are complementary to each other in functionality.

On one hand, AMSFF can extract multi-scale fractures by fusion different scales feature maps.

On the other hand, AMSFF can significantly improve the ability of the restoration of spatial

information for decoding branch. AMSFF as shown in Fig.3.
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Fig.3 Structure of AMSFF: 1) The input feature maps (B, , B, B,) undergo a 1x1 convolution layer to reduce

parameters calculation, firstly; then they reduce the dimension by convolutions with strides 2 to obtain the same



size. 2) The input feature map B, directly connected because of its dimensions are the same as the feature map F .

3) The merged feature map F undergoa 3x3 convolution as the input of decoding branch.

Here, AMSFF as transformation from the encoding branch to the decoding branch. We
expressed the output information of all layers of the encoding branch as B,, B,, B,, B,
respectively. The feature information after AMSFF fusion produces rich Multi-scale semantic
information. However, the dimensions and sizes of the feature information (B,, B,, B,, B,)
are different. Therefore we must ensure that B,, B,, B,, B, to be fused has the same spatial
resolution and number of channels. Obviously, B, can be concatenated directly as its
dimensions are the same as the feature map F to output. In order to reduce parameters
calculation to increase processing speed, the input feature maps (B,, B,, B,) first undergo a
1x1 convolution layer, then the dimension was reduced by convolutions with stride 2 to obtain
the same size. Here, 1x1convolution and 3x3 convolution both composed of BN, ELU and
convolution operation. All the resulting feature maps B, (n=1, 2, 3, 4) and fusion results F
are described as follows:

B.=T/(B),n=1234 (1)
F=[B,,B,,B,,B,] (2)
Here, T represents the different number of convolutions layers are performed by different

feature map B . Finally, the merged feature map F undergo a 3x3x128 convolution with

stride 2 to reduce the size of feature maps to 32x32, which is as the input of up-sampling in

the decoding branch.

Decoding branch: Decoding branch comprises four up-sampling and four ResBlock with the

standard convolution. The “skip-concatenation” concatenated with the feature maps from the
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corresponding encoding branch. Decoding branch gradually up-sample the feature map F

output by the AMSFF and the feature maps from the corresponding encoding branch with

up-sampling of with 2x2, and final restores to the same resolution as its input original

image. Finally, a 1x1 convolution and activation function to obtain an accurate pixel-level

binary coal rock fracture segmentation results.

Algorithm: To complement the previous description, we describe the whole algorithm

flow chart is presented in is Algorithm 1.

Input: image sets 1.

Output: the Predicted results of coal rock fractures

1. For i=1 : number(7,)

2. CLAHE to pro-processing, generated datasets 7 .

3. a set of comprehensive data augmentation methods to data n, generated
datasets !
4. end for
5. For j=1 : number(/,)

6. dl1=ResBlock(/,,16)

7. d2=DResBlock(d1,32, stride=2)

8. d3=DResBlock(d2,64, stride=2)

9. d4=DResBlock(d4,128, stride=2)

10. AMSFF=AMSFF. concat (d1,d2,d3,d4)
11. Ul=upsample(AMSFF).concat(U1,d4)
12. Cl=ResBlock(U1,128)

13. U2=upsample(U1).concat(U2,d3)
14. C2=ResBlock(U2,64)

15. U3=upsample(U2).concat(U3,d2)
16. C3=ResBlock(U3,32)

17. Ud=upsample(U3).concat(U4,d1)
18. C4=ResBlock(U4,16)

19. End for

jo.

Algorithm 1: The coal rock fractures segmentation based on AMSFFR-U-Net.
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Loss Function: The coal rock CT images belong to the imbalance of samples i.e large

background proportion and small target proportion. Dice coefficient loss [22] is effective

when data is unbalanced. Here, we use the Dice coefficient loss as the segmentation loss

function of. Dice coefficient represents the similarity between the ground value and the

predicted value. And the higher the similarity, the more accurate the model segmentation. It is

defined as follows:

23 X, Y, 3
LDSC:]‘_N; NY
.+ .
X, 2

Where, X, and Y, represent the ground truth and predicted value respectively. N denotes
pixels of coal rock CT images training samples. Furthermore, due to the limited samples of
coal rock fractures, we construct our loss function with the L2 regularization to avoid

over-fitting, it is as shown in equation (6):

L

loss

=L, +L2 (4)

3. DATA

3.1 Datasets Creation

The experimental coal rock CT images are collected from State Key Laboratory Coal
Resources and Safe Mining, China University of Mining & Technology (Beijing). And
annotating images by staff of State Key Laboratory Coal Resources and Safe Mining, China
University of Mining & Technology (Beijing) who have been engaged in coal rock fracture
labeling for many years, which ensures the authenticity and reliability of the annotation
images of coal rock fractures. In this experiment, these coal rock samples from five different

regions. 1000 frames coal rock CT images were obtained from each sample. Due to the
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fractures of adjacent frames are very similar, one frame is extracted every 40 frames on each

sample for annotating to prevent over-fitting. A total of 120 frames rock CT images obtained

from 5 different coal rock samples. 100 frames were selected randomly as training set. And

the remaining 20 frames were used as test set.
3.2 Data Pre-processing

As coal rock is a natural body, coal rock CT images have the characteristics of low

contrast and uneven gray. And it is difficult to identify fractures without pre-processing

operation. Here, we use globally CLAHE (contrast limited adaptive histogram equalization)

to improve the contrast of the original images, maintain global information and enhance the

contrast of the edges of coal rock fractures. Fig.4 shows an example of data pre-processing.

(a) (b)
Fig.4 The result image after: (a) original image. (b) after globally CLAHE operation.

It can be seen from Fig.4, the contrast between the fractures and the coal matrix in the coal

rock images is significantly improved after globally CLAHE operation.
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3.3 Data Augmentation

At present, there is no published data set of coal rock CT images. However, manual
annotation of coal rock fracture images requires a lot of time and cost. In order to overcome
the limitation of coal rock CT images, we perform data augmentation operations on the
original coal rock CT images and the corresponding annotation images to increase the
diversity of training samples, to avoid over-fitting and to improve the generalization of the
model. In the paper, we applied a set of comprehensive data augmentation methods
summarized in Tablel.

Table 1 Summary of implementation data augmentation methods.

B represents the factor of brightness; o, o control the degree of the elastic distortion; 3 represents the weight of the

image superposition.

Methods Value Range

Random rotation +30°

Horizontal-flip 50%

Width-shift-range 20%

Height-shift-range 20%

Brightness Be 05,1

Image superposition p=0.5

Elastic deformation o= 1000, c=40

Basic data augmentation methods: random rotation, horizontal-flip, width-shift-range and
contrast factor. Owing to the characteristic of sparse target of coal rock fracture images, these
basic data augmentation methods are not sufficient to increase the diversity of fracture
samples. We further adopted the methods of image superposition and elastic transformation,
which can generate large and reasonable training data. The mathematical representation of
image superposition is the two images are superposed together according to a certain linear

relationship while keeping the image size unchanged. The mathematical principle is as

14



follows:

g(x) = () + (A=) fi(x) (5)
Here, f is the coefficient of linear superposition of two images. Then, the elastic deformation
operation is performed on the superimposed image [23]. ¢ is a Gaussian of standard deviation,
and it convolved with the displacement field. a is a scaling factor controls the intensity of the
deformation. First, the displacement field A is obtained by the original displacement field
convolved with . Then, the elastic deformation displacement field is obtained by the
displacement field a multiplying by a. Finally, the elastic deformation displacement field is
applied to the image after affine transformation to generate the elastic deformation images.

The data augmentation process of a coal-rock image is shown in Fig.5.

(a)

Superposition Elastie

(a).(b) [ i £ deformation

Giround truth

——— e e —

(@)

Fig.5 The process of data augmentation. (a), (b) The original coal rock CT images. (a’), (b") The ground
truth of (a) and (b). (c¢) The result of superimposing (a) on (b). (c¢') The ground truth of (c). (d) The
result of (c) after elastic deformation. (d') The ground truth of (d).
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4. Experiments

4.1 Implementation Details

Our proposed model was implemented on Keras framework and was optimized by Adam
(Adaptive moment estimation) optimizer. The network was trained on 2G GPU and 128G
memory of Ubuntu 16.04. Data augmentation is used during training to alleviate the problem
of lacking data samples (Detailed in 3.3), and 8000 samples are generated as the training
samples. We employed the “poly” learning rate policy with the initial rate is multiplied by
(l-ﬁ}er)””“’"", and the initial learning rate 0.0001, with power=0.9. And the batch size is 4.

This paper use 512x512 images to train our network on the training samples. And the

obtained model is used to segment coal rock fractures on our test set.

4.2 Results Analysis and Discussion

Our test set consists of coal and rock samples from five different regions (Detailed in

3.1). To verify performance and generalization of U-net, Res-U-net and AMSFFR-U-net, this

paper tested three networks on our test set. And the fracture segmentation results are shown in

Fig.6.
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o lmage .

Pre-processed
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Ground truth

U-net

Res-U-net

AMSFFR-U-net

Fig.6 The fracture segmentation results of three networks on five different region of coal rock samples.

Here, we use two rectangles of different colors to mark two representative fracture
locations. We can see from Fig.6 the fracture segmentation results of AMSFFR-U-net are
closer to ground truth compared with the other two methods. Especially, the weak and tiny
fractures segmentation results of AMSFFR-U-net on the column 3 and the column 5 are better
than the other two networks. However, the coal rock fractures are segmented by Res-U-net
and U-net, which is missing the weak and small-scale fractures, and the boundaries of weak
and tiny fractures are blurred. As can be seen from the fourth row of Fig.6, U-net can only

segment some large-scale fractures with obvious boundaries while it lost a lot of weak and
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tiny fractures. Although the segmentation results of Res-U-net are better than U-net, the

phenomenon of missing some small-scale fractures is still serious, which can be seen from the

fifth row 5. The coal rock fracture network obtained by the AMSFFR-U-net has high accuracy.

However, to further improve the accuracy of the segmentation results, we will expand the

training samples to enhance the feature extraction ability of the AMSFFR-U-net.

In Fig.7, we compare the P-R(Precision-Recall) curve of AMSSFFR-U-net with U-net
and Res-U-net. Obviously, the area under the P-R curve of the other two methods is smaller

than our proposed method.

——— AMSFFR-U-Net p-r cure
——— U-Net p-r cure
——— Res-U-Net p-r cure

0.9 1

<) 1=}
~ ®
L

Precision

1<)
o
L

0.54

0.4 r - - - : -
0.4 0.5 0.6 0.7 0.8 0.9 1.0
Recal |

Fig.7 Precision-Recall curves for various methods on our test set of coal rock CT images.

4.2 Evaluation Metrics

To quantitatively evaluate the performance of the AMSFFR-U-Net, we use DSC (Dice
similarity coefficient), Precision, Recall and Accuracy as evaluation indicators, which
commonly used evaluation indicators for semantic segmentation, the detailed description are

as follows:

2TP

DSC =
(FP+2TP + FN)

(6)
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TP

Precision = ——

TP + FP )
P

Recall=—
TP + FN ®)

TP +TN
Accuracy= 9)

TP+ FN +1N + FP

Here, 1) TP: the numbers of correctly segmented fracture pixels; 2) TN: the numbers of
correctly segmented background pixels; 3) FN: the number of pixels that the fracture was
incorrectly segmented into the background; 4) FP: the number of background pixels are
predicted as fracture pixels incorrectly.

The four evaluation indicators mentioned above, the higher value, the better the
segmentation result. And U-net, Res-U-net and AMSFFR-U-Net were trained on our training
set. Table 2 shows the average value of four evaluation indicators for segmentation results on

our test set.

Table 2 The evaluation for segmentation results.

Metrics
DSC Precision Recall Accuracy
Methods
U-net 0.874 0.814 0.823 0.936
Res-U-net 0.896 0.825 0.814 0.960
AMSSFFRU-net 0.925 0.897 0.905 0.981

It can be seen from Table 2 that the value of the four evaluation indicators of U-NET is
the lowest, due to U-net is relatively weak in feature extraction and feature fusion. And
Res-U-net uses residual block in the U-net structure to enhance the ability of feature
extraction, so the value of the four evaluation indicators of U-NET are higher than U-net.
Furthermore, as can be seen from Table 2, this paper proposed approach improve the average
Dice coefficient by2.9%, the average precision by7.2% and the average Recall by9.1%,
respectively. That's enough to prove that the AMSSFFR-U-net achieves the best segmentation

results than the other two methods.

5. Conclusions

In this paper, we proposed AMSFFR-U-net for automatically segment coal rock fractures,
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which achieved very good performance. DResBlock of the different dilated ratio (1, 2, 3) are

used in the encoding branch to extract different scale fractures. At the same time, there are

residual connections in the DResBlock structure to improve the feature extract ability of the

network. Moreover, AMSFF module adaptively fused the feature maps from different layers

of encoding branch, which is a largely supplement to DResBlock to capture multi-scale coal

rock fractures. In addition, AMSFF can improve the restoration of spatial information as well.

Furthermore, we applied a set of comprehensive data augmentation operations to increase the

diversity of training samples to prevent over-fitting during training. The experimental results

show that AMSFFR-U-net outperforms the state-of-art algorithms, such as U-net and

Res-U-net in the fractures segmentation tasks in coal rock CT images.

It is great significance for mastering the evolution rule of the fractures in the coal rock

under mining stress and the coal rock seepage calculation. However, as future developments,

we will consider the 3D spatial information and the connectivity of fracture among the coal

rock CT images. And modeling the evolution rule of coal rock fractures feature will be

investigated as well.
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Architecture of our proposed, which comprises encoding branch, AMSFF and decoding branch. 1)
Encoding branch consisted of one Residual Block (ResBlock) with a dilation rate of 1 and three Dilated
Residual Block (DResBlock) with dilation ratios (1, 2, 3). 2) AMSFF adaptive fuse the different scales



feature maps of all cell blocks from encoding branch. 3) Decoding branch consisted of four ResBlock
and 4 up-sampling layers. 4) The number below each rectangle represents the size of the feature map,
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Figure 2

lllustration of the structure of dilated residual block. (a)The residual block, D=1. (b) The structure of
dilated residual block, and the dilated ratio D of different convolutional layers is 1,2,3, respectively.
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Figure 3

Structure of AMSFF: 1) The input feature maps (,, ) undergo a convolution layer to reduce parameters
calculation, firstly; then they reduce the dimension by convolutions with strides 2 to obtain the same size.
2) The input feature map directly connected because of its dimensions are the same as the feature map .
3) The merged feature map undergo a convolution as the input of decoding branch.

(2) (b

Figure 4

The result image after: (a) original image. (b) after globally CLAHE operation.
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Figure 5

The process of data augmentation. (a), (b) The original coal rock CT images. (all), (bl) The ground truth
of (a) and (b). (c) The result of superimposing (a) on (b). (ck) The ground truth of (c). (d) The result of (c)
after elastic deformation. (di) The ground truth of (d).
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Figure 6

The fracture segmentation results of three networks on five different region of coal rock samples.
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Figure 7



Precision-Recall curves for various methods on our test set of coal rock CT images.



