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Abstract

In this work, the Convolutional Neural Network (CNN) algorithm is introduced in pipeline sur-
face cracks monitoring-based image processing method for improving the efficiency and accu-
racy of crack type, location, and area identification. The method is used to extract the cracks
area called the CNN based on crack contour network (CCN-CNNs) method from locate and
extract the crack shape. CCN-CNNs is provides the accuracy rate (P%), recall rate (R%), and
F-score (F%) index to assess the algorithm in the problem while identifying the cracks, and
then according to the maximum F-score, we computes the crack corresponding contour area.
In this work the pipeline crake images datasets are provided using an inspection drone with
high definition camera. To the best of the authors’ knowledge, the methodology presented in
this paper for pipeline crack identification is an original contribution to the literature. This
work introduces an efficient approach that also significantly reduces the time for crack type,
location, and area identification of pipelines, the accuracy rate (P%,), recall rate (R%), and F-
score (F%) are recorded 91.8% ,86.1%, and 84.6% respectively.
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1 INTRODUCTION

In recent decades, the rapid development of pipeline construction in various countries, play
an important role in gas, water and liquids transportation over long distances. [1-5].

With the rapid development of pipelines construction, pipeline maintenance and manage-
ment tasks also follow. In particular, a number of high-grade pipelines in the early stage have
entered the period of intermediate or major repair, and the relevant pipelines maintenance and
management departments have paid more and more attention to the monitoring of pipelines
surface diseases and the collection of disease data. However, at present, there are few researches
on pipelines disease detection, and the related detection equipment is seriously backward or
even insufficient. Therefore, many pipelines maintenance management departments are still in
the stage of traditional manual inspection. However, there are many problems in traditional
manual detection, such as low detection efficiency, high labor intensity, long time consumption,
and inability to guarantee detection accuracy. With the continuous increase of the scale of pipe-
line mileage, traditional pipelines detection methods can no longer meet the needs of pipelines
disease detection. Therefore, research and development of advanced pipelines disease detection
technology have become an urgent problem to be solved in pipelines development.

However, due to the harsh environment of the construction locations, pipelines always suffer
from structural damage problems caused by corrosion, cracks, etc. Pipeline corrosion has been
defined for decades as a major source of pipeline deterioration in transmission lines.

With the continuous development of the social economy, harsh environment of the construc-
tion locations, during the long-term operation of pipelines, various types of damages will occur.
Damages such as cracks, and corrosion on the pipeline surface during pipeline operation will
adversely affect environment and pipeline safety. Rapid and accurate detection of pipeline sur-
face damages is an effective guarantee for maintaining the health and safety of pipeline surfaces
[6-21].

At present, the management department generally collects the apparent image information
of the pipe through the pipeline inspection drones and uses the traditional manual method to
identify the damages, which is time-consuming and labor-intensive. Vision-based pipeline
damages detection methods use adaptive threshold segmentation method, edge detection
method, morphological method, wavelet analysis, and other algorithms for identification, but
still face the following problems:

1) It is difficult to deal with the rich and diverse pipeline damage scenes;

2) Image noise interference leads to recognition the accuracy and efficiency are low;

3) The algorithm has many parameters, which require manual intervention, and the accuracy
is low.

In addition, a single image of pipeline damages has high resolution and a large amount of
image processing data. The current method is difficult to achieve rapid, quantitative, and refined
identification of pipeline apparent defects.

With the development of deep learning technology [22-24] Convolutional Neural Network
CNN has been widely used in the field of computer vision.

In recent years, some scholars have also tried to apply CNN to the apparent disease extrac-
tion of civil engineering structures. For example, Cha et al. [25] applied CNN combined with
sliding window technology to crack recognition. The training data of CNN is 40,000 pictures
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(256 pixels x 256 pixels), and the final verification accuracy is about 98%. The test picture size
1s 5888 x 3584. The test duration is 4.5s. Dorafshan et al. [26] constructed an SDNET 2018
crack image database that is convenient for engineers and technicians to use and applied CNN
to crack recognition, which is different from the traditional edge detection method.

Compared with other methods, a hybrid identification method based on CNN and edge de-
tection were proposed, and the effect was better [27]. Ni et al. [28] developed a CDN based on
the CNN framework to automatically deal with structural apparent cracks through convolu-
tional feature fusion and pixel-level classification.

Therefore, it takes a long time, and the use of CNN for target detection is generally easy to
cause misidentification caused by over-fitting, and other methods still need to be used for sub-
sequent processing. In order to solve the above problems, Girshick et al. [29] used CNN as the
kernel and combined it with the Selective Search algorithm. Uijlings et al. [30] proposed a
regional convolutional neural network (R-CNN) method. This method uses selective search to
generate 2000 candidate regions, Then, CNN feature extraction is performed on each candidate
region, and target classification is performed on each (Support Vector Machine, SVM) method.
This method does not share the features of each candidate region extracted by CNN, resulting
in information redundancy and long training and testing time. He et al. [31] proposed Spatial
Pyramid Pooling (SPP-Net) which uses the full-image convolution shared feature map method
to reduce the training and testing time of R-CNN. The target detection accuracy has also im-
proved.

This paper introduces the local pipeline surface cracks localization and shape extraction
based on CCN-CNNs methods. The location and area for the extracted disease area with borders
are computed. For evaluation of the method is proposed, the accuracy rate (P), recall rate (R),
and F-score index are introduced, which shows the effectiveness of the proposed approach.

2 METHODOLOGY

The process of pipeline cracks identification is shown in Figure 1. At present, the collection
methods of pipeline surface images is inspection drones and other cameras that can achieve fast
and non-contact high-quality image collection. The collected sample pictures are preprocessed,
including cropping and segmentation of disease pictures, size unification, contrast adjustment,
and image data enhancement to increase the number of samples; and then according to the
classification of typical cracks in pipeline pictures, special software is used to mark the images
and establish corresponding samples database; then input the training samples into the con-
structed CNN network, adjust the parameters, and perform deep learning on the entire network;
finally, test the trained network.

For damages such as cracks, the algorithm directly outputs the bounding box and gives the
cracks contour area and classification confidence. For horizontal and vertical cracks, after the
bounding box is determined, the crack shape will be extracted and obtained the crack area,
which makes the crack information richer and more accurate.

3 SYSTEM CONFIGURATION

3.1 CNN Architecture

As shown in Figure 2, typically a CNN model consists of both alternating convolution oper-
ation and sub-sampling operation, and the last layer is de-noted as a general multi-layer network.
Interspersed with sub-sampling layers, convolutional layers are established to increase compu-
tation efficiency and further improve configural and spatial invariance. [32-34].
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Figure 1: Illustration of the proposed method for pipeline disease identification.
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Figure 2: The architecture of a CNN model.

3.1.1 Convolution Layers

At a convolution layer, feature maps extracted from previous layers are convoluted with
specific kernels and then activated to generate new feature maps. Multiple input feature maps
are combined through the convolution operation until output is expressed as the following:

x=f zxf-l*k§j+b} . (1)

lEMj

where M; denotes a set of input feature maps, and each output feature map is added with an
additive bias b. The input feature maps are convolved with distinct kernels for a particular out-
put feature map.
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3.1.2 Pooling layer

The pooling layer is usually arranged between sequential convolution layers. It is used to
reduce the feature maps locative size. This is also called undersampling, by which network
overfitting can be controlled. The operations can be used for undersampling are such as maxi-
mum pooling and average pooling. It can be expressed the average pooling feature of pooling
layer in Eq. (2) for assuming the pooling size is c, j is the region, and /" is number of pooling
layer.

xj = f(B/mean(x}"") + b}) (2)

where B} is multiplicative; mean(.) is average operation; The convolution and pooling layer are
work together to detect the local connections and merges similar features and removes unnec-
essary irrelevant details.

3.2 Training, Validation, and Test Sets

In the CNN crack sample library, the cracks come from the actual collected pipeline crack
pictures. The size of the source picture is 2048 x 2000 pixels. After slicing, the size of the small
sample pictures is 32 x 32 pixels, and then data enhancement (rotation, mirroring, etc.) to obtain
a training sample set, in which the number of samples with cracks is 15235 and the number of
samples without cracks is 21642. After that, the pre-training network is used for migration
learning, and all data are rotated 50 Epochs, and the final recognition accuracy can reach 95%
above. Figure 3 presents the training performance using supervised mode. The key parameters
for CNN training are shown in Table 1.

1 T T T T _A 1
0.97 —Accuracy | | 0.9
0.8 — Loss los
0.7 10.7

Accuracy

0 10 20 30 40 50
Epochs

Figure 3: CNN Training Performance.
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Table 1: CNN key parameters.

Training Time Gauge Training Rate  Attenuation Factor
50 sec 32 10~* 10°¢

4 RESULTS AND DISCUSSION

In the previous section, CNN feature maps training, validation and test were studied for the
intact and damaged pipeline system, the processing method of pipeline should be processed by
the two-value image processing methods. It can be seen that the background noise is difficult
to remove, and the effect is not ignored. As a result, some traditional image processing algo-
rithms are difficult to get crack. A series of image processing operations based on shape is to
extract the image component that is meaningful to express and depict the shape of the regional
shape, the most essential shape characteristics of the target objects are identified, such as the
contour and object areas. The typical CCN method is used for processing pipeline images,
which are widely used in digital image processing. The crack shape is restored according to the
minimum gray value in the bounding box area. The process is shown in Figure 4. The detection
of pipeline crack can be described through the following steps in Figure 5.
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Figure 4: pipeline crack extraction flowchart.
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One of the graphic features of cracks is
that there is a certain difference in the gray
value (0~255, black and white) of the
background pipeline surface. The gray
value of the crack is generally the smaller
value in the picture, that is, the darkest
pixel generally belongs to the crack.

After the noise reduction in the second
step, in order to collect the pipeline
pixels again, Figure 6 details the detailed
process of restoring pipeline pixels in the
third step: 3.1 Gaussian blurrings (the
convolution kernel is 9 * 9) | to generate
new pixels; 3.2 perform low-threshold

Using contour detection, we can detect
the borders of cracks, and localize them
easily in an image, as shown in Figure 7.
It is many interesting steps in the
proposed method for pipeline crack
detection and recognition.

binarization (the threshold is 0) to
highlight the newly generated pixels so
that the cracks expand along the pipeline
pixels; 3.3 use large template (7x7)
erosion to refine the cracks; 3.4 Small
formwork (3x3) expands to smooth
cracks; 3.5 Small formwork (3) is used
again.

Extract the crack area (CNN processing).
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first step, and then traverse the pixels of the
+ crack shape originally extracted in the third
¢+ step, and compare it with the skeleton gray
+ level. The size of the average value of the
+ degree, and the gray value difference exceeds a
E certain range and deletes it. The purpose of
+ this is to filter out some background pixels that
+ are  misidentified as  cracks  during
+ morphological processing.
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Figure 5: The steps of CCN-CNNs develop.
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Figure 6: Collect the pipeline pixels again steps.

Four indexes that include the true-positive rate (TPR), true-negative rate (TNR), false-posi-
tive rate (FPR), and false-negative rate (FNR) are computed to estimate the proposed method
performance measures for training and testing sets by calculating three indicators of the accu-
racy rate (P%), regression rate (R%), and F-score (F%), these three indexes can be determined:

N. 3
Po, = TPR 3)

Nrpg + Nipr
_ Nrpg “4)

Nrpr + Npnr

2Nrppg

2Nrpgr + Npng + Nepr

R%

)

F% =
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Segmentation ‘

Figure 7: The crack contour extraction from pipeline Image.

Figure 8 plots the resulting accuracy (%), regression rate (%), and F-score (%) values in
terms of the 50 Epochs number. In general P%, R%, and F% versus the overall performance
are 91.8%, 86.1%, and 84.6%, respectively.
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Figure 8. The training proceed comparison based on the crack identification test data.
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5

CONCLUSIONS

This paper proposed the framework for pipeline crack detection method based on a learning-

based model. The CNN algorithm in target detection is introduced to quickly identify the type,
location, and area for the extracted disease area with borders, the CCN-CNNs method used to
locate and extract the crack shape. The following conclusions can be drawn from the results:

1))

2)

3)

4)

The integrated method of CCN-CNNs can effectively search and locate the disease on the
pictures collected by the pipeline inspection drones, and accurately extract the crack shape.

The test results show that its work efficiency is high, although the missed detection rate of
the algorithm is low, the false detection rate is high, and it is difficult to be directly applied
to the automatic detection of pipeline cracks.

Indexes such as the accuracy rate (P%), recall rate (R%), and F-score precision rate (F%)
are introduced to evaluate the algorithm and determine the corresponding contour area of
the disease frame according to the maximum F-score. A pipeline image was carried out by
using an inspection drone with high definition camera.

The dataset used in this work, modeled with high P%, R%, and F'%, and the overall perfor-
mance are 91.8%,86.1%, and 84.6% respectively, highlighting the potential of using deep
learning for the detection of pipeline crack.
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