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Abstract: The surface defects of shield subway tunnel can significantly affect the serviceability of the tunnel
structure and may compromise the operation safety. To effectively detect the multiple surface defects, this
research employs a tunnel inspection trolley (TIT) based on the mobile laser scanning technique. By conducting
the inspection of the shield tunnel on a metro line section, various surface defects are identified by the TIT,
including water leakage defect, dislocation, spalling, cross-section deformation, etc. To explore the root causes
of the surface defects, the association rules between different defects are calculated via an improved Apriori
algorithm. Results show that: i) there are significant differences in different association rules of various surface
defects of the shield tunnel; ii) the average confidence of the association rule “dislocation & spalling — water
leakage” is as high as 57.78%, indicating that most of the water leakage defects are caused by dislocation and
spalling of the shield tunnel in the sections being inspected; iii) the weakest rule appears at “water leakage —
spalling”, with the average confidence of 13%. The association analysis can be used in predicting the critical
defects influencing the structural reliability and operation safety, such as water leakage, and optimizing the
construction and maintenance work for the shield subway tunnel.

Keywords: shield subway tunnel; surface defects; 3D laser scanning; defect association analysis

1. Introduction

The last few decades have seen significant growth in construction of the urban rail transit,
especially in the Southeast Coastal Area of China. Most of the newly built lines are underground lines
with shield tunnel structures. Due to the combined action of geological, climatic, construction and
operation factors, various types of defects occur on the surface of the shield tunnel, including water
leakage, dislocation, spalling, cross-section deformation, etc., which can pose a significant impact on
the tunnel structure and may compromise the operation safety of the subway. Therefore, it is
necessary to regularly inspect the subway tunnel during the construction and operation periods to
detect the potential defects at an early stage, whereby the proper measures can be employed to avoid
further accidents. With the rapid development of subway construction, higher requirements are put
forward for the efficiency and accuracy of tunnel inspection. However, the traditional manual
inspection is labor- and time-consuming, and of low informationisation degree. To fill the gap in the
detection techniques, extensive research has been carried out on the development of the automatic
detection system. Driven by the different requirements of surface defect detection, a series of
automatic detection systems have been proposed. The key detection methods include the vision-
based detection method [1-3], laser scanning-based detection method [4-6], thermal imaging-based
detection method [7,8], etc.

The principle of the vision-based measurement method is to calculate the geometric parameters
of the measured object in three-dimensional space by using the captured images. With the wide
application of image processing and machine vision technology, the research on surface defect
detection for subway tunnel gradually turns to the anomaly identification by image processing. For
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instance, the high-resolution image information of the tunnel surface can be obtained at high speed
through multiple area-scan CCD cameras, and the damage is identified and quantified using
intelligent analysis methods [9]. On the basis of image acquisition, some acquisition systems that can
efficiently and accurately adapt to the actual condition of the subway tunnel have also been
developed, such as the MTSIS system proposed by Ref. [10] and the MTI-100 system developed by
Ref. [11]. In terms of image data processing, the deep learning techniques are frequently applied to
identify the surface defects [12], including full convolutional neural network (FCN) [13,14] and Mask
R-CNN network (R-CNN) [15,16]. However, to overcome the dim condition in subway tunnel, the
lighting devices are needed, which requires a lot of manpower to conduct the test. Laser scanning-
based method can quickly obtain the three-dimensional coordinates and reflection intensity of a large
number of measuring points on the lining surface by laser ranging without light source. It can assess
the condition of the tunnel lining structure through the three-dimensional modeling of the tunnel. It
is widely used in the detection of various surface defects, such as spalling defect [17], water leakage
defect [18] and deformation [19]. The principle of the thermal imaging-based method is to convert
the temperature distribution of the tunnel lining surface into a visual image through an infrared
thermal imager, which can reflect some of the leakage and cavity areas on the shield tunnel. For
instance, Ref. [20] successfully locate the leakage area by analysing the temperature gradient; Ref. [21]
proposes a novel method for identifying and extracting cracks of tunnel lining from the infrared
images; Ref. [22] verifies the feasibility of using thermal imaging technology to detect the cavity
behind the lining through a series of laboratory and field tests. However, because the thermal imager
is sensitive to temperature changes, and the auxiliary trackside facilities in the subway tunnel can
significantly influence the detection accuracy, this method is rarely adopted in practical detection
projects.

In comparison, the laser scanning technique can acquire a large volume of data with strong data
compatibility, and offer three-dimensional coordinate information and reflection intensity
information of measuring points. So it can be used to detect the multiple surface defect on subway
tunnel. With the recognition of this, this research uses three-dimensional laser scanning technology
to detect and identify various surface defects of shield tunnel.

With the detection results of multiple defects, the association rules between them can be studied
to reveal the root cause of some critical defects, such as water leakage. Note that the research on the
association rules between different defects is scare at present, compared with the research on the
identification method of a specific defect. In view of this problem, this paper analyses the association
rule between different surface defects based on Apriori algorithm. Nine sets of association rules are
set up, and their confidence values are calculated respectively, whereby the correlation between
various defects are revealed.

The rest of this paper is outlined as follows. The laser scanning-based surface defect detection
system for shield tunnel as well as the data processing method for identifying multiple defects is
presented in Section 2. Section 3 performs the association analysis for different surface defects based
on Apriori algorithm. Finally, some conclusions are drawn in Section 4.

2. Data Acquisition and Processing

2.1. Types of surface defects on shield tunnel

According to the field investigation on subway lines, the main surface defects can be classified
into three categories: water leakage, structural damage (including lining cracks and spalling), and
structural deformation (including tunnel settlement, section convergence and dislocation). This
paper mainly studies leakage, dislocation, spalling and cross-section deformation.

Water leakage is a common defect of shield subway tunnel, it refers to that the material of the
tunnel is infiltrated by water due to structural defects, or geological and climatic reasons. Segment
dislocation refers to the relative displacement of adjacent rings in the plane perpendicular to the
tunnel axis, or the relative displacement of adjacent segments in the radial direction. Spalling is
another common tunnel defect. The main causes of spalling include material deterioration during the
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long-term operation and the concrete material quality does not meet the standard. Cross-section
deformation is generated from the change of external load or soil erosion which can cause the change
and redistribution of soil stress field, thus affecting the stability of the soil layer around the tunnel.
Consequently, the cross-section deformation occurs.

2.2. Testing technology and equipment

As aforementioned, compared with the vision-based detection method which requires high
lighting conditions, the laser scanning-based technology becomes more favourable under the test
condition in subway tunnel. The laser scanning system can accurately detect the deformation in the
subway tunnel and acquire point cloud data. The efficiency of data acquisition is high but due to the
huge amount of point cloud data, a proper data processing algorithm is needed.

It should be note that the narrow window time the subway for tunnel inspection, i.e., 1:00 am -
4:00 am. Under such situation, the three-dimensional laser scanning technology, characterised by fast
data acquisition speed, high accuracy and needing less manpower, is used to form a tunnel inspection
trolley (TIT). The basic principle of system is to use laser ranging to measure the distance between
the scanner and the measured point according to the round-trip time of the laser and the speed and
angle of the laser. The laser emitter rapidly measures the scene information inside the tunnel through
high-speed rotation, and stores the information in the point cloud. The point cloud data include both
the coordinate information inside the tunnel and the intensity of the point cloud. In the defective area
on the tunnel surface, the intensity information of the point cloud will be significantly lower than that
of the surrounding area. So the intensity can be used as a feature to identify and the defective area
which can be further located by combining the coordinate information of the point cloud.

In the devised system, the trolley is developed by Wuhan HiRail Transportation Technology Co.,
Ltd., as shown in Figure 1 [23]. The 3D laser scanner which is PROFILER 9012 from Z + F company is
mounted on the trolley. After post-processing, the visible spectrum information (RGB) in the image
can be given to the point cloud, and the shape of the tunnel internal lining can be highly restored for
the later point cloud modeling work. The TIT collects point cloud data at a speed of 2-5km/h.
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Figure 1. Tunnel inspection trolley (TIT) equipped with 3D laser scanner.

2.3. Data Processing

By operating the TIT, a large amount of point cloud data can be collected and the 3D model of
the tunnel structure can be formed, as shown in Figure 2. The point cloud data are then processed to
extract the information of segment diameter and potential surface defects, including water leakage,
segment dislocation, and spalling. The data processing steps are as follows:

Step1: Extraction of tunnel segment based on point cloud by using the ellipse fitting method.

Step2: Point cloud projection: Expand the circle center fitted by the tunnel section and the
corresponding frame point cloud according to the angle between them, then insert differential value
which according to the gray value of the two point clouds, se-as to complete the forward projection.
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Step3: Image graying: the original cloud projection RGB is weighted to calculate the average

value. The weighted calculation formula is described as Eq. (1), and the weighted average value is
taken as the grayscale result.

f(x,y) =03R(x,y) + 0.59G(x,y) + 0.11B(x,y) (1)

where R, G and B are the three primary color channel parameters of image, and the collective value
depends on the image type.

With the above process, the gray-scale image of the tunnel section can be obtained, as shown in
Figure 3. Through the gray-scale image, a variety of the surface defects can be identified using the
existing image feature recognition techniques [23], as shown in Figure 4.

Ly
'

Poaiind

Figure 3. Gray-scale image of tunnel structure.
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Figure 4. Ring locating by gray scale image processing.

2.4. Test results

This research has completed the detection of three subway tunnel sections by operating the TIT.
The lengths of the three sections are 1.6km (Section 1), 1.6km (Section 2) and 2.0km (Section 3)
respectively. With the data processing algorithm, the data of ring segment diameter, segment
dislocation, water leakage and spalling defects can be obtained. This section shows the test results of
Section 1.

2.4.1. Cross-section deformation

The cross-section deformation data include the diameter, deflection angle, long axis and short
axis of each ring of the shield tunnel. By investigating and analysing the ring diameter, we can
determine the degree of deformation of a ring in the tunnel. A total of 542 sets of effective ring data
were collected, and the horizontal diameter of each ring is presented in Figure 5.

The design diameter of the rings in test section is 5.4m, and the average diameter is 5.41m. The
difference between the measured horizontal diameter and the design diameter indicates the cross-
section deformation. It is seen from Figure 5 that there are 8 rings with the difference of no less than
3cm, another 74 rings with a difference of between 2 - 3 cm, and another 227 rings with the difference
of 1 -2 cm. The deformation values at the other 233 rings are smaller than 1cm. There are no severely
deformed rings, but all rings are slightly deformed. Since the tunnel deformation is too common but
there is no serious deformation, it can be considered that the tunnel deformation is the natural
deformation generated over time in the long-term operation, without the influence of defect factors.
Figure 6 shows the cross-section shape of a typical ring (No. 121) with the large difference between
the measured diameter and designed diameter.
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Figure 6. point cloud data of cross-

Figure 5. Measurement results of cross-section deformation . .
section at ring No. 121

2.4.2. Segment dislocation

By analyzing the arc length of dislocation between ring segments, the severity of dislocation
between ring segments can be obtained. A total of 16 rings with dislocation defect are found, and the
arc length of dislocation at each ring is shown in Figure 7. In the test results of cross-section
deformation, the large convergence value is found at the ring No. 121. According to the definition of
dislocation defect (i.e., displacement and dislocation between rings), the dislocation may probably
occur at the adjacent areas of ring No. 121. As shown in Figure 7, The test result of segment dislocation
verifies the hypothesis: dislocation defects are detected at the rings No. 118 | 119 and No. 122 | 123.
So it can be concluded that the deformation of the ring has a certain influence on the dislocation of

the surrounding ring.
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Figure 7. Detection results of segment dislocation =~ Figure 8. Segment dislocation at ring No.121

2.4.3. Water leakage

Totally 28 leakage areas are identified in the detection data, as shown in Figure 9. The average
leakage area of the study section is: 0.30m2. It can be seen from Figure 9 that there is a large area of
water leakage at ring No. 444. After searching the water leakage position in the gray-scale map (see
Figure 10), it is found that the position is located at the splicing of ring pieces and no other defect is
found. Therefore, it can be inferred that the damage caused by the ring piece splicing leads to the loss
of waterproof performance and the water leakage defect at this location.
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Figure 9. Detection results of water leakage ring No. 444

2.4.4. Spalling defects

A total of 18 spalling defects are identified and the result is shown in Figure 11. The average
falling area of the study section is around 0.02m2 The gray-scale map at the spalling defect with the
largest area (ring No. 403, area: 0.082m?) is shown in Figure 12.
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Figure 11. Detection results of spalling defects Figure 12. Spalling defect at ring No. 403

3. Defect Association Analysis

For the purpose of revealing the root cause of the surface defects, the Apriori algorithm is used
to mine the association between different surface defects of the shield tunnel.

3.1. Introduction to Apriori algorithm

Apriori algorithm is to find out frequent item sets and establish association rules by calculating
the minimum support number [25]. The advantage of this algorithm is that it can find and determine
the frequent itemsets, and also can determine the association rules between transactions through
calculation. Frequent itemsets refer to the itemsets whose occurrence times are greater than the
minimum support number, while the confidence refers to the probability of the occurrence of two
transactions at the same time under the association rules. The frequent itemsets and association rules
can be quantified by support and confidence. The main purpose of the algorithm is to mine the
association rules between transactions by finding multiple frequent itemsets and verifying them by
successive calculation.
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3.1.1. Support count

Support count refers to the number of specific itemsets in a transaction. The value of support
count can determine the frequent transaction with number of transactions in the itemset. Assuming
itemset I={iyiz,...,in}, and transaction set T={tt,...,t:}, the support count of itemset I can be defined
as:

o(X) = [{t;|X S t;,t; € t} 2)

3.1.2. Association rules and calculation process

Association rules [24] reflect the association and dependency between multiple transactions. If
several transactions have a certain association relationship, the Apriori algorithm can be used to find
the frequent itemset, determine the association rules between transactions, and predict the occurrence
probability of transactions. Association rules can be written in the form of X — Y. For frequent
itemsets and association rules are then defined by support and confidence:

Support: Determines the minimum number of frequent itemsets.

oXuY
s(X-Y)= oxvy) 3)
N
Confidence: Determine occurrence frequency of Y in transactions containing X.
o(XuyY)
= 7 4
K=V == @

A strong association rule should have both high confidence and support. Assuming that the
minimum confidence and support thresholds of the information data set D are Cwin and Smis, the
calculation process is described as follows and the flowchart of the process is shown in Figure 13.

Step 1: Searching the information data set D to generate Li (frequent itemset): conduct a
comprehensive search of the information dataset and count the support of each item. Items whose
support count is no less than the product of the total number of transaction items in the information
dataset D and the preset minimum support threshold are merged into L.

Step 2: Connecting Lk1 and generate a candidate Qx.

Step 3: Pruning: L« and infrequent itemsets are included in Qx. First, based on the fact that all
subsets of frequent itemsets are also frequent itemsets, delete the subsets in Qr which do not meet this
requirement. Then search for the information data set D to calculate the support count of the
remaining itemsets in Ck after the pruning operation step. Finally, find all L« larger than the
predetermined minimum support threshold Swmin.

Step 4: Repeat the operations in Step 2 and Step 3 until Lr or Qx becomes an empty set.

Step 5: Generating association rule: calculate the confidence value Cy; of all non-empty subsets
Ly in each Lk separately. If Cij> Cuin, it is defined as a strong association.
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Figure 13. Apriori algorithm calculation process.

3.2. Defect Association Calculation

In defect association calculation, the data collections are divided into several groups and each
group contains the inspection data of five rings. The minimum support number is set to 3. Then the
frequent k itermsets (k = 1, 2, 3) will be determined and their supports will be calculated. At last,
Apriori algorithm is used to establish association rules of multiple defects and calculate their
confidences.

3.2.1. Calculation of support degree of defects

With the association calculation process, all groups with different combination of the surface
defects as well as the support degree of each defect are obtained, as listed in Table 1.

Table 1. calculation results of defect supports.

Defect type Support Degree S1 Support Degree S2 Support Degree S3
Dislocation 33.33% 30.30% 23.53%
Water leakage 53.85% 69.70% 91.60%
Spalling 46.15% 33.33% 6.72%
Dislocation, Water
20.51% 10.61% 15.13%
leakage
Dislocation, Spalling 12.82% 12.12% 4.20%
Water leakage,
. 7.69% 13.64% 6.72%
Spalling
Dislocation, Water
5.13% 4.54% 4.20%

leakage, Spalling
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By setting the minimum support number to 3, the calculation results of frequent k itemsets (k =
1, 2, 3) are obtained, as listed in Table 2.

Table 2. Calculation results of frequent k-itemsets (k =1, 2, 3).

Frequent one term set Section 1 Section 2 Section 3
Dislocation 13 20 28
Water leakage 21 46 109
Spalling 18 22 8
Frequent binomial set Section 1 Section 2 Section 3
Dislocation, Water leakage 8 7 18
Water leakage, Spalling 3 9 8
Dislocation, Spalling 5 8 5
Frequent trinomial set Section 1 Section 2 Section 3
Dislocation, Water leakage, Spalling 2 3 5

3.2.3. Confidence Calculation

(1) Determine the association rules: nine kinds of association rules are set in this calculation,

which are “dislocation, spalling — water leakage”, “water leakage, spalling — dislocation”,

water leakage — spalling”, “water leakage — dislocation”,
spalling —

“dislocation — water leakage”, “dislocation — spalling”, “
dislocation”.

(2) Derive the confidence of “dislocation, spalling — water leakage”, “
dislocation”, “dislocation, water leakage — spalling” through the frequent 2- and 3-itemsets. Note
that the left side of “—” is the existing defect, and the right side denotes the possible simultaneous
defect. Confidence refers to the probability that when one defect exists, another defect exists at the
same time. The confidence is defined as the number of occurrences of the frequent 3-itemset divided
by the number of occurrences of the corresponding frequent 2-itemset.

(3) Similarly, the confidence of the other 6 association rules can be derived from the frequent 2-

VT

“dislocation, water leakage — spalling”,

i

spalling — water leakage”,

water leakage, spalling —

itemset and the frequent 1-itemset.

With the above calculation process, the result of confidences is summarized in Table 3:

Table 3. Calculation results of confidence.

Confidence | Confidence | Confidence
Defect type Average
S1 S2 S3
Water leakage — Dislocation 38.10% 15.22% 16.51% 23.28%
Water leakage — Spalling 14.28% 17.39% 7.34% 13.00%
Dislocation — Spalling 38.46% 45.00% 17.86% 33.77%
Dislocation — Water leakage 61.54% 35.00% 64.29% 53.61%
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Spalling — Dislocation 27.78% 40.91% 62.50% 43.73%
Spalling — Water leakage 16.67% 36.36% 100% 51.01%

Dislocation, Spalling — Water
40.00% 33.33% 100% 57.78%

leakage
Water leakage, Spalling —
66.67% 37.50% 62.50% 55.56%
Dislocation

Dislocation, Water leakage —

25.00% 42.86% 27.78% 31.88%

Spalling

3.3. Discussion

Based on the above calculation of the association rules of the multiple defects, it is found that:

In different sections, the confidence level of each association is different, for example, the
confidence level of “Dislocation, Spalling — Water leakage” and “Spalling — Water leakage” in
Section3 is 100%, while the confidence level of the other two sections is less than 40%. There are also
commonalities in the differences, such as the confidence of “Water leakage — Spalling” in all three
sections is less than 20%.

1) On average, when there is water leakage defect in the tunnel, within the range of 5 rings
around the defect, the probability of dislocation defect is 23.28%, and the probability of spalling defect
is 13.00%; when there is a dislocation defect in the tunnel, within the range of 5 rings around the
defect, the probability of spalling defect is 33.77%, and the probability of water leakage defect is
53.61%; when there is a spalling defect in the tunnel, within the range of 5 rings of the defect, the
probability of water leakage defect is 51.01%, and the probability of dislocation defect is 43.73%.

2) When there are both dislocation and spalling defects at the same location, the probability of
water leakage defect is 57.78% within the range of 5 rings; when there are both water leakage and
spalling defects at the same location, the probability of dislocation defect is 55.56% within the range
of 5 rings; when there are dislocation and water leakage defects at the same location, the probability
of spalling defect is 31.88% within the range of 5 rings.

Results show that the confidence levels of some association rules are low, with the lowest “Water
leakage — Spalling” having a confidence of only 13.00%. For such association rules with low
confidence, taking this as an example, it can be considered that the probability of spalling due to
water leakage is not high. In comparison, some association rules have quite high confidence levels,
such as “dislocation, spalling — water leakage”, which has a confidence of 57.78%. Therefore, in the
tunnel defect detection work, when the dislocation and spalling defect are found, it is necessary to
detect water leakage defect around the dislocation and spalling defects. It can be inferred from the
causes and phenomena of the three defects that the structure damage of the tunnel ring is caused by
segment dislocation and spalling, which affects the waterproof performance and thus leads to the
occurrence of water leakage defect.

4. Conclusions

In recent years, the problem surface defects of the shield tunnel gains the increasing attention of
engineers and researchers with the rapid development of the subway. To ensure safety operation and
enhance the serviceability of the tunnel structure, the efficiency and accuracy in defect detection
become increasingly important. This paper first summarizes the common shield tunnel defects,
including segment dislocation, water leakage, spalling and cross-section deformation. In terms of
detection technology, considering the unique advantages of the laser scanning technology under the
condition of subway inspection, this paper employs a laser scanning-based system to conduct in-situ
tunnel inspection. With the inspection trolley, the massive point cloud data of the line section are
acquired. With the image processing algorithm, the data of cross-section diameter, segment
dislocation, water leakage and spalling are obtained from the gray-scale image of the tunnel.

doi:10.20944/preprints202304.0813.v1
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Based on the dataset of the defects, a defect association analysis is carried out based on Apriori
algorithm, as an attempt to reveal the cause of the surface defects. A total of nine sets of association
rules are set up, and their confidence is calculated respectively. The correlation between different
defects is then analysed. The results show that the two types of defects with the highest correlation
degree is “dislocation — water leakage”, followed by “spalling — water leakage”, and the lowest
correlation degree (i.e., “water leakage — spalling”) has a confidence of 13.00%. Significantly, some
correlations between various defects in the tunnel are quite strong. Among them, the confidence of
the association rule “dislocation, spalling — water leakage” is as high as 57.78%, which means that
when detecting dislocation and spalling defects, it is necessary to focus on detecting whether there is
water leakage defect around.

The results of association analysis can be used in the prevention of subway tunnel defects: when
a defect is detected, it can predict the occurrence of other kinds of defects. Taking the association rule
“dislocation — water leakage” as an example, when segment dislocation is detected in the tunnel,
there is a 53.61% probability that there will be water leakage in the surrounding areas. The water
leakage treatment scheme shall be formulated in time to treat or prevent the occurrence of leakage.
During the operation of subway tunnel, it is suggested to pay more attention to the relationship
between different structural defects, since it can help to enhance the operation safety of the subway
and the reliability of the infrastructure.
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