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Tunnel lining crack is the most common disease and also the manifestation of other diseases, which widely exists in plain concrete
lining structure. Proper evaluation and classification of engineering conditions directly relate to operation safety. Particle flow
code (PFC) calculation software is applied in this study, and the simulation reliability is verified by using the laboratory axial
compression test and 1 :10 model experiment to calibrate the calculation parameters. Parameter analysis is carried out focusing on
the load parameters, structural parameters, dimension, and direction which affect the crack diseases. Based on that, an evaluation
index system represented by tunnel buried depth (H), crack position (P), crack length (L), crack width (W), crack depth (D), and
crack direction (A) is put forward. 6e training data of the back propagation (BP) neural network which takes load-bearing safety
and crack stability as the evaluation criteria are obtained. An expert system is introduced into the BP neural network for correction
of prediction results, realizing classified dynamic optimization of complex engineering conditions. 6e results of this study can be
used to judge the safety state of cracked lining structure and provide guidance to the prevention and control of crack diseases,
which is significant to ensure the safety of tunnel operation.

1. Introduction

Tunnels are key nodes of road network, so the safety and
stability of tunnel structure is the important foundation to
guarantee the overall traffic capacity. However, due to the
discontinuity, heterogeneity, anisotropy, and other complex
characteristics of underground rock mass, it is difficult to
meet all requirements in design and construction. Given the
plain concrete lining structure lacks reinforcement skeleton
and its bending strength is inadequate, it is a commonplace
that “90% of the tunnels will have leakage and 100% of the
tunnels may have cracks,” and diseases such as cracking and
water seepage are very prominent [1–3] with the weakening
of material performance and the change of external envi-
ronment during operation. However, as the most common
disease and the manifestation of other disease problems, the
results of existing evaluation systems targeted to cracks such

as specifications, guidelines, and monographs are flawed
such as simplex indexes and insufficient consideration of
load-bearing characteristics. So, it is imperative to carry out
the research on cracked lining under multiple indexes and
extract the evaluation indexes and standards based on
mechanical principles so as to map out tunnel maintenance
plans and transition from an apparent state-determined way
to a load-bearing characteristic-determined way [4,5].

In the research of load-bearing capacity characteristics of
tunnel cracked lining structure, the causes of tunnel
structural diseases are various, presenting complex phe-
nomena and causing different degrees of consequences.
Model experiment and monitoring measurement are mainly
aimed at specific working conditions, and parameter reg-
ularity analysis mainly focuses on finite element calculation.
By establishing the physical crack model or setting the
contact relationship pattern at the crack position, the load-
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bearing capacity characteristics of cracked lining structure
under different load conditions such as plastic ground
pressure, loose ground pressure, and unsymmetrical pres-
sure, and the space scale conditions of different crack length,
width, depth, and location have been calculated and ob-
tained [5–7]. However, the finite element method has in-
sufficient mechanism in crack tip treatment and crack
propagation characteristics, which fails to reflect the crack
stability state of the cracked lining structure. 6e develop-
ment of algorithms such as extended finite element,
boundary element, and discrete element can provide more
powerful tools for the detailed study of the mechanical
characteristics of cracked lining. Particle flow is a kind of
discrete element, which identifies the contact state between
particles to calibrate the basic characteristics of a medium.
From the perspective of basic particle microstructure, it has
prominent advantages of direct-viewing and high efficiency
in the analysis and research of crack propagation [8–10].

In the classification evaluation of cracked lining struc-
ture, the most commonly used qualitative methods currently
are expert scoring method and fault tree analysis, while the
quantitative methods are fuzzy comprehensive evaluation
method, analytic classification method, and neutral network
method [11–13]. Methods such as expert scoring and ana-
lytic hierarchy process are simple, easy-to-operate, and are
themost commonly used. However, these methods are based
on the structural damage performance index, which is
greatly influenced by the subjectivity of experts and not
directly related to structural load conditions and load-
bearing safety, so the evaluation results fail to distinguish
structural damage from nonstructural damage of lining and
thus the methods mentioned above are unable to provide
guidance in disease treatment. 6e BP neural network has
the ability of self-adaptation, self-learning, nonlinear gen-
eralization, etc. which is widely used in tunnel construction
control, rock-soil deformation prediction, operation disease
evaluation, etc. [14–16]. Model experiment and numerical
simulation are carried out to obtain initial training data, and
the system associating the disease phenomena, load con-
ditions, and stability characteristics through the BP neural
network algorithm is established, which proves to be an
effective plan combined with the advantages of focused
calculation and generalized analysis.

6is paper, in response to the problem of lining crack
evaluation, uses a PFC particle flow calculation tool to
calibrate the calculation parameters through uniaxial
compression test and 1 :10 large-scale model experiment of
cracked lining first. On this basis, parameter analysis is
carried out to calculate the bearing stability state and de-
velopment trend of cracked lining structure under different
external effects such as different surrounding rock grades
and loading conditions, different design conditions such as
lining structure thickness, and different damage states such
as crack length, width, and depth, combined with the crack
indexes as well as the crack bearing stability and propagation
characteristics revealed by calculation results. 6e BP neural
network training data are obtained by the expert scoring
method; the tunnel lining crack classification software based
on the BP neural network kernel is developed by virtue of

Python programming. 6e project research combines the
advantages of the qualitative macro, detailed, and reliable
quantitative calculation of expert evaluation, which provides
a new way and idea for tunnel crack classification research.

2. Bearing Capacity Calculation Method for
Cracked Lining

2.1.CalibrationParametersofAxialCompressionTest. 6e key
to numerical simulation of particle flow depends on whether
the microparameters of interparticle are reasonably deter-
mined. However, given the uncertainty and complexity of
interparticle microparameters, there is still no uniform
formula to establish the corresponding relationship between
the interparticle microparameters and actual macro-
parameters of materials. 6e common method at present is
to change the micromechanical properties of particle units
and their aggregate fabrics, so as to approximate the mac-
romechanical response of materials. In this paper, according
to the parameter calibration process proposed by Cundall
[17,18], the uniaxial compression numerical simulation
experiment is applied andmultiple adjustments are made for
the microparameters of the model so as to align with the
macroproperties of the materials.

6e specific process of calibrating the microparameters
of C30 concrete material is as follows. In PFC, the contact
bond strength model is selected for the numerical uniaxial
test. 6e loaded specimens selected are the standard model
specimens adopted by the European Concrete Association
(CEB). 6e diameter of the cylinders is 152mm and the
height is 305mm. 6e calculation model is shown in Fig-
ure 1. 6rough trial calculation and calibration, the calcu-
lation parameters are shown in Table 1. Under this
condition, the stress-strain curve of concrete is shown in
Figure 2. 6e peak strain of concrete obtained by the
simulation test is about 0.0024, the ultimate strain is about
0.0035, and the compressive strength is about 23.7MPa,
which are consistent with the stress-strain curve of C30
concrete material. In the PFC parameter analysis of me-
chanical characteristics of cracked lining structure, C30
concrete calculation parameters adopt the values listed in the
table.

2.2. Model Experiment Verification. Loading structure
method is applied in PFC to calculate the load-bearing
capacity characteristics of cracked lining. To ensure the
reliability of the calculation results and verify the accuracy of
calculation, the load-bearing capacity characteristics of
cracked lining are studied in combination with the multi-
functional engineering test system for traffic tunnels.
According to the system dimensions, the dimensional
similarity ratio is taken as 1 :10, the lining section adopts the
section shape of a two-lane highway tunnel, with the lining
thickness taken as 40mm; the rock mass around the lining is
filled with grease to lessen the influence of boundary effect
and realizes vertical and horizontal uniform loading, with
applying load in steps to arrive at the thickness of 27m of
equivalent soil mass.
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6e calculation results of the model experiment and
the PFC simulation during the loading process are shown
in Figure 3. 6e monitoring results of vault settlement and
vault crack depth development are shown in Figures 4 and
5, respectively. In the loading process, the displacement
growth trends of the model experiment and the numerical
simulation remain the same, and the numerical values are
similar. In addition, the error between the test results and
the simulated structure is within 10%, which can be
considered that the values taken for the PFC parameters
and the simulation calculation can reflect the overall
bearing stability of the cracked lining structure in a real
scenario. In the loading process, the increasing trends of

crack depth at the top arch of the model experiment and
the numerical simulation maintain the same; the distri-
bution position and form of structural cracks under
simulation conditions are consistent with the results of the
model experiment, and the process of equivalent crack
depth propagation is similar to the final form. In the
loading process, the overall error between the model ex-
periment and the numerical simulation of vault crack
depth monitoring position is less than 18%, and the model
experiment results are relatively smaller. 6e main reason
is that the crack depth acquisition mainly depends on
manual measurement, which is limited by the accuracy and
difference of measuring instruments, and there are de-
tailed differences in the specific measurement points under
different loads. 6e measurement results of lining struc-
ture cracks are smaller than the actual situation. To sum
up, it can be considered that the PFC parameter values are
consistent with the simulation calculation and the actual
situation, which can reflect the crack propagation law of
lining structure under real conditions.

3. Mechanical Characteristics of Cracked Lining

3.1. Index Parameter Selection. 6e load-bearing capacity
characteristics of cracked lining structure are related to
external loads, structural parameters, and cracking
conditions.

Tunnel rock mass environment is complex, and external
load modes are various. For ease of calculation and analysis,
the surrounding rock grades are used during PFC parameter
analysis to comprehensively reflect the load conditions, and
the standard method is applied to calculate the load size.
Following the experience in tunnel design, the thickness of
plain concrete lining structure is normally 30 cm, 35 cm, and
40 cm, and in some old tunnels, the thickness may also be
45mor 50 cm, so the simulation parameters of lining
thickness are taken according to the gradient of 5 cm.

According to the investigation data of nearly 7000 cracks
in nearly 50 tunnels on the Shanghai-Chongqing Riverside
Expressway, more than 95% of the lining cracks are less than
10m as shown in Figure 6.6erefore, in the PFC calculation,
the cracked length parameters taken are 2.0m, 4.0m, 6.0m,
8.0m, and 10.0m. 6e distribution of lining cracks is ex-
tremely uneven, with more cracks in vault, followed by
hance, and then side wall in Figure 7.6erefore, five different
crack distribution forms, including vault, hance, side wall,
vault + hance, and vault + side wall, are taken in the PFC
simulation calculation. It is hard to set the initial crack width
in the PFC crack simulation calculation. Considering that
the crack width is the main manifestation index of crack
depth, so it is characterized by different crack depth ratios in
the calculation process. In terms of crack direction, given the
tunnel structure is dominated by bearing capacity and
protection in the circumferential direction, and the influence
of longitudinal crack-damage bearing is far greater than that
in the circumferential direction, so four angles are set in the
simulation calculation in Table 2.

In the table, H represents the width of the tunnel.

Figure 1: PFC uniaxial compression model.

Table 1: Model parameters.
Parameter Value
Particle radius (rad/m) 0.03∼0.05
Density (des/kg/m3) 2040
Equivalent elastic modulus of particles (GPa) 30
Coefficient of friction, fric 0.577
Stiffness ratio, kratio 2
Parallel bond tensile strength, pb_ten (Pa/m) 2.01e7

Parallel bond cohesion, pb_coh (Pa/m) 15e6
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Figure 2: Stress-strain curve of C30 concrete.
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3.2. ParameterAnalysis onLoadCondition (Lining9ickness).
6e crack depth in the hance is 250mm, and PFC2D is used
to calculate the crack propagation characteristics of the
lining structure under deep-buried load condition of dif-
ferent surrounding rock grades (the grade of surrounding
rock is determined according to the “Specifications for
Design of Highway Tunnels, Section 1, Civil Engineering”
(JTG 3370.1-2018), Grade III surrounding rock with a soil
column height of 2.7m, Grade IV surrounding rock with a
soil column height of 6.8m and Grade V surrounding rock
with a soil column height of 13.5m, Grade III surrounding
rock lining with a thickness of 30 cm, Grade IV surrounding
rock lining with a thickness of 40 cm and, Grade V sur-
rounding rock lining with a thickness of 50 cm). 6e sim-
ulation results are shown in Figure 8. Under the action of
different surrounding rock loads, when the structure
cracked, the derivative cracks are similar in position and
degree. Slight cracks appear in the vault, side wall, and the

middle of invert, and the inner and outer sides of cracks have
not been connected, or regional large-scale cracks have not
been formed, causing the overall instability or collapse of the
structure. It can be preliminarily judged that when the
surrounding rock condition is poor, the strengthening of the
lining structure design can partially offset the structural
adverse effects caused by the increased load, and the sur-
rounding rock grade exerts less influence on the mechanical
characteristics of the cracked lining in this type of sup-
porting structure.

Green represents intact lining structures, blue for tensile
cracks, red for shear cracks, and yellow for preset cracks.6e
calculation results remain the same for all subsequent
PFC2D.

3.3. Parameter Analysis on Cracked Position. For Grade V
surrounding rock with the lining thickness of 50 cm and the
crack depth of 3/4 h, when there exist different cracks in the

(a) (b) (c)

Figure 3: Schematic diagram of model experiment and numerical simulation.
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Figure 4: Monitoring diagram of lining displacement during
loading.
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Figure 5: Curve of lining vault depth propagation during loading.
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vault, hance, and side wall, the final PFC2D calculation
results of structural damage distribution are shown in
Figure 9. Under the action of vault cracks, the derivative
cracks are mainly tensile cracks, and there are secondary
cracks on both sides of the vault, the hance, the bottom of the
side walls, and the invert, forming a cluster of cracks in the
arch with a small number of shear cracks on the outside, and
the arch structure is likely to slide and fall. Under the action
of hance cracks, derivative cracks appear in the vault, the
hance, and the middle of the invert. 6e cracks are mainly
shear cracks, which are distributed both inside and outside
the vault and hance, and the structural risk is mainly the
collapse and falling of the lateral blocks where the cracks are
close to the arch. Under the action of side wall cracks, when
secondary tensile cracks appear in the arch and the opposite
side wall, shear cracks appear in the opposite side wall. 6e
structural risk lies in the damage to the arch wall on the
opposite side by cracks.

3.4. Parameter Analysis on Crack Depth. For Grade V sur-
rounding rock with the lining thickness of 50 cm, the PFC2D
calculation results of lining structure crack derivative state
under the action of different crack depths are shown in
Figure 10. Under the action of cracks at 1/4H of the vault,
there are secondary cracks in the vault, hance, and invert,
and the main types of cracks belong to tension crack. When
the crack depth increases to 2/4H, cracks occur at the bottom
of the side wall, and the type of the new cracks belongs to
tension crack. When the crack depth increases to 3/4H, the
number of cracks in the vault increases, and new cracks
occur in the left and right vaults. 6e main types of the new
cracks are attributed to tension crack, with shear cracks
existing in some areas outside the structure.6e difference in
tunnel crack depth may lead to the increase of the number
and distribution of secondary cracks in the structure, es-
pecially in the arch, where the risk of peeling, chip off-falling,
and even collapse is greatly increased.

3.5. Parameter Analysis on Crack Length. For Grade V
surrounding rock with the lining thickness of 50 cm, when
the crack depth is 3/4 h, PFC3D is used to calculate the
influence of different crack lengths on the load-bearing
characteristics of the lining structure. In the calculation
process, the longitudinal length of the structure is 10m,
which is the length of the lining structure of Model-1 tunnel.
6e simulation results are shown in Figure 11. When the
crack length is 5m, a small number of tensile cracks appear
in the arch of lining structure under the action of load. A
large number of arch tensile cracks appear when the crack
length increases to 6m. When the crack length increases to
7m, shear cracks begin to occur in the hance on the opposite
side. When the crack length increases to 8m, the cracks in
the hance on the opposite side penetrated. It can be con-
cluded that, if the tunnel Model-1 is taken as a load-bearing
unit and the crack depth is large, the structural stress is
closely related to the length.

Red represents the intact lining structure, green for
tensile cracks, blue for the shear cracks, and yellow for preset
cracks.6e calculation results are the same for all subsequent
PFC3D.

3.6. Parameter Analysis on Crack Direction. For Grade V
surrounding rock with the lining thickness of 50 cm, when
the crack depth is 3/4 h, the PFC3D calculation results of
lining structure crack derivative state under the action of
different crack directions (longitudinal and 45° oblique) are
shown in Figure 12. It can be seen that longitudinal cracks
have a greater impact on the load-bearing safety of the
structure by comparison and analysis of the distribution and
number of cracks. Under the action of longitudinal cracks,
structural damage occurs in the arch and arch walls on both
sides of the structure, and there exist both tensile and shear
cracks of derivative cracks, so the structural integrity is
relatively poor. Under the action of oblique cracks, the
structural derivative cracks are mainly distributed in the
envelope area of vault longitudinal direction and crack
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Table 2: Table for selection of influencing factors and calculation level of bearing capacity of cracked lining structure.
Factor

Level Surrounding rock
grade, R

Tunnel buried
depth, Ht

Lining thickness,
T (cm)

Cracked
position, P

Length, L
(m)

Width, W
(mm)

Depth,
D

Direction, A
(°)

1 III 0.5H 30 Vault 2.0 1.0 0 0
2 IV 1.0H 35 Hance 4.0 2.0 1/4 h 22.5
3 V 1.5H 40 Side wall 6.0 3.0 2/4 h 45
4 VI 2.0H 45 Vault + hance 8.0 4.0 3/4 h 67.5
5 — 2.5H 50 Vault + side wall 10.0 5.0 4/4 h 90

(a) (b) (c)

Figure 8: Crack-damage propagation characteristics of lining structure under different loads (thicknesses). (a) Grade III surrounding rock
(30 cm thick). (b) Grade IV surrounding rock (40 cm thick). (c) Grade V surrounding rock (50 cm thick).

(a) (b) (c)

Figure 9: Crack-damage propagation characteristics of lining structure at different crack positions. (a) Vault crack action. (b) Hance crack
action. (d) Side wall crack action.

(a) (b) (c)

Figure 10: Crack-damage propagation characteristics of lining structure under different crack depths. (a) Crack depth: 1/4H. (b) Crack
depth: 2/4H. (c) Crack depth: 3/4H.
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direction, and the influence of structural integrity is rela-
tively small.

4. Classification of Tunnel Cracks

4.1. BP Neural Network. BP neural network is one of the
most commonly used neural networks, whose full name is
the artificial neural network based on the error back
propagation algorithm [18]. 6e BP neural network is
composed of input layer, hidden layer, and output layer.
When the number of neurons in hidden layer is enough, the
BP neural network with a three-layer structure can well
approximate a discontinuous function with limited pa-
rameters. When there are i inputs, j hidden layer neurons,
and k outputs, the output of the hidden layer is

Pj � f 
i

wijxi − bj
⎛⎝ ⎞⎠, (1)

where wij is the connection weight between the input layer
and the hidden layer, the input variable, the threshold of the
hidden layer, and also the activation function of the hidden
layer. 6e S-shaped function is often used as the activation

function for the hidden layer, which is mainly divided into
log-sigmoid function and tan-sigmoid function. Although
both of them encounter the gradient disappearance, com-
pared with log-sigmoid function, tan-sigmoid output is
centered on 0 and converges fast. At the same time, tan-
sigmoid function has been successfully applied in the
nonlinear prediction [19]. 6erefore, this paper chooses tan-
sigmoid function as the activation function of the hidden
layer, and its expression is

ftan−sig �
2

1 + e
− 2t

− 1, (2)

where t is the input variable of the hidden layer. 6e output
of the output layer is

Sk � g 
j

wjkPj − bk
⎛⎝ ⎞⎠, (3)

where wjk is the connection weight of the hidden layer and
output layer, bk is the threshold of the output layer, and g is
the transfer function of the output layer. In this paper, the
linear function, purelin function, is selected as the transfer
function of the output layer, and its expression is

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

Figure 11: Crack-damage propagation characteristics of lining structure under different crack lengths. (a) 5m long crack. (b) 6m long
crack. (c) 7m long crack. (d) 8m long crack.

(a) (b)

Figure 12: Crack-damage propagation characteristics of lining structure in different crack directions.
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gp � a, (4)

where a is the input variable of the output layer.

4.2. Parameters of BP Neural Network Variables. 6e load-
bearing characteristics of cracked plain concrete lining
structure mainly include two surrounding rock parameters
(surrounding rock grade R and tunnel buried depthHt), and
one lining structural dimension parameter (lining thick-
ness), and five crack information parameters (crack position
P, crack length L, crack width W, crack depth D, and crack
direction A). Due to the strong correlation between the
design thickness of lining structure and the surrounding
rock grade, the worse the surrounding rock condition is, the
thicker the structure is. According to the calculation and
analysis, the enhancement of corresponding structure
thickness design under different surrounding rock grade
conditions makes it able to resist the load increased by the
change of surrounding rock, and the ultimate crack-damage
bearing characteristics are similar. 6erefore, in BP neural
network training, the surrounding rock grade and lining
structure thickness are not considered as the amount of
training.

To sum up, the comprehensive evaluation of crack lining
performance is characterized as follows:

Px � f Ht, P, L, W, D, A( . (5)

4.3. Crack Classification Sample. 6e training data of the BP
neural network are mainly calculated from crack bearing
characteristics. 6rough modeling and calculation, the load-
bearing characteristics data of cracked lining under 471 sets
of working conditions are obtained. For each set of calcu-
lation results, they are divided into four grades according to
the degrees of influence, which are denoted as 1, 2, 3, and 4,
respectively.6e crackmeanings are the same as I, II, III, and
IV in Table 3. Combined with PFC numerical calculation
results and the expert scoring system, the initial data of the
471 lining crack conditions and the comprehensive rating
are determined. When the training data of the BP neural
network are sorted out, different tunnel depths are char-
acterized by 0.5, 1.0, 1.5, 2.0, and 2.5, respectively, vault,
hance, side wall, vault + hance, and vault + side wall are
characterized by 1, 2, 3, 4 and 5, respectively, and the relative
depths of cracks are characterized by 0, 0.25, 0.5 0.75, and
1.0, respectively. Due to the limits of textual length, some
parts of the training data are extracted after, as shown in
Table 4.

4.4. Data Set Division and Effect Evaluation

4.4.1. Data Division. In this paper, a BP neural network
model is established by using 471 sets of data samples.
6rough the stratified samplingmethod, the data are divided
into 10 parts according to the attributes of data source.6en,
Kennard-Stone algorithm is used to divide each part of data
into two parts according to the ratio of 4 :1. 80% of the

samples in each part are combined as the training set and
20% as the test set.

When using the model for training and testing, the
parameters are normalized to the interval of [0, 1], and the
final output value of the model is transformed into the actual
order of magnitude value through antinormalization. In the
setting of the network parameter, the number of iterations is
2000, the target accuracy is 1× 10−5, and the maximum
number of failures in the verification set is 200 (this pa-
rameter does not exist in the Bayesian regularization
algorithm).

4.4.2. Evaluation Indexes. Mean square error (E2) and
determination coefficient (R2) are used as evaluation
indexes:

E
2

�
1
n



n

i�1
pi − pi( 

2
,

R
2

� 1 −


n
i�1 pi − pi( 

2


n
i�1 pi − pi( 

2,

(6)

where n is the number of data samples; pi is the measured
value; Pi is the predicted value; and P is the average value of
measured data.

4.4.3. Number of Neurons. To compare the influence of
different neuron numbers and training algorithms on the
prediction performance of the BP neural network, L-M
algorithm, quasi-Newton algorithm, and Bayesian regula-
rization algorithm are used to compare the prediction
performance, and each training algorithm is used to predict
the hidden layer neurons at three levels (6, 7, and 8), re-
spectively. Among them, the middle level selection with 7
neurons in the hidden layer is based on the empirical for-
mula 2m+ 1, wherem is the number of neurons in the input
layer. In order to avoid the influence of network initial
weight and threshold randomness, each combination of BP
neural networks continuously runs for 10 times, and the 10-
time mean value of evaluation indexes is selected for eval-
uation. 6e predicted E2 mean values of the training set and
test set are shown in Figure 2.

It can be seen that, under the same training algorithm,
different numbers of hidden-layer neurons have an impact
on the prediction accuracy of the training set and the test set.
According to the comparison, the E2 of each training al-
gorithm is greater when the number of hidden layer neurons
is 6 and 8 than when the number of hidden layer neurons is
7. 6erefore, 7 is the optimal number of neurons in the
hidden layer, L-M algorithm, quasi-Newton algorithm, and
Bayesian regularization algorithm [20–22] shown in Fig-
ure 13, and it is used to carry out fitting process, having
achieved more optimal prediction performance. 6e E2
predicted for the training set is 2.021× 10−10, 2.378×10−10,
and 2.132×10−10, respectively, and the E2 predicted for the
test set is 1.512×10−10, 1.994×10−10, and 1.257×10−10,
respectively.
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4.4.4. Training Algorithm. When the number of neurons in
the hidden layer is 7, it can be seen from Table 5 that the R2

predicted by the three training algorithms for both the
training set and the test set is greater than 0.95, showing
good accuracy of prediction. 6e R2 for the training set and
the test set by the L-M algorithm is 0.958 and 0.982, re-
spectively. 6e prediction accuracy is higher than that by the
quasi-Newton algorithm and is slightly lower than that by
Bayesian regularization algorithm. Among them, the
Bayesian regularization algorithm shows the best prediction
performance, and the R2 for the training set and the test set
was 0.976 and 0.989, respectively. 6e Bayesian regulari-
zation algorithm which has adaptive regularization pa-
rameters can better avoid the underfitting and overfitting
issues in network training, and then guarantee the robust-
ness and generalization performance of the BP neural
network. In this paper, the Bayesian regularization algo-
rithm-based BP neural network with the hidden layer
neuron being 7 is established.

4.5. Crack Classification System. 6rough data training, the
BP neural network has been able to fit the classification
characteristics of cracked lining perfectly. During engi-
neering application, in order to facilitate practical operation
within the range of reliability requirements, the calculation
result grade of the BP neural network is judged according to
Table 3, and the bearing capacity and stability of cracked
structure gradually weaken from Grade I to Grade IV. If the
fitting result is within the table range, the expert system can
be introduced for comprehensive judgment. 6e judgment
data as the training data are updating continuously, thus

making the trained BP neural network dynamically optimal
so as to enable them to have both mechanical calculation
reliability and practicability of experience judgment.

6e training of the BP neural network requires pro-
fessionals to program, adjust, and update, and the demand
for professional knowledge is high, so there is difficulty in
wide application and popularization. In order to reduce the
learning difficulty and ensure the universality and feasibility,
a software for classifying cracked lining structure is devel-
oped on the basis of numerical calculation and BP neural
network training, as well as the features (such as light weight,

Table 3: Judgment of fitting result grade of the BP neural network.
Crack
grade

Fitting
result Engineering significance

I 0.8∼1.2 6e cracks are stable without growth

II 1.8∼2.2 6e degree of crack damage is deepening, but the cracks have not yet penetrated along the vertical and horizontal
directions. New cracks form in different positions

III 2.8∼3.2 New cracks form in different positions. Some cracks have penetrated, but there is no concentrative penetration
of multiple cracks.

IV 3.8∼4.2 Multiple cracks penetrate concentratively.

Table 4: BP neural network training sample data.
Simulation number Buried depth, Ht Cracked position, P Length, L (m) Width, W (mm) Depth, D Direction, A (°) Crack grade
1 0.5 1 6.0 3.0 0.5 0 2
2 2.5 1 6.0 3.0 0.5 0 4
3 1.5 3 6.0 3.0 0.5 0 1
4 1.5 5 6.0 3.0 0.5 0 4
5 1.5 1 2.0 3.0 0.5 0 1
6 1.5 1 10.0 3.0 0.5 0 3
7 1.5 1 6.0 1.0 0.5 0 2
8 1.5 1 6.0 5.0 0.5 0 4
9 1.5 1 6.0 3.0 0 0 1
10 1.5 1 6.0 3.0 1 0 4
11 1.5 1 6.0 3.0 0.5 45 2
12 1.5 1 6.0 3.0 0.5 90 1

. . .

471 1.5 1 6.0 3.0 0.5 0 3
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Figure 13: Comparison of E2 among different BP neural network
models (E2 is the average of 10 prediction results).
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high efficiency, and safety) of Python language. Users only
need to input crack detection data, and the classification
results can be output automatically. 6e system interface is
shown in Figure 14. 6rough continuous application, up-
date, and optimization, the classification software has al-
ready demonstrates good accuracy.

5. Discussion

6is study aims at crack classification and achieves the
accuracy and efficiency of lining crack classification by
taking PFC particle flow mechanics calculation as the basis
and making use of the BP neural network for training and
prediction, supplemented by the expert system to dynam-
ically optimize and adjust the high deviation results.
However, due to the following factors, which include the
reliability guarantee of using PFC particle flow to calculate
and analyze the cracked lining structure, the cause index
when calculating the cracked lining and the mechanical
characteristics of cracks in the reinforced concrete lining
structure is complicated, and further discussion and ex-
planation are elaborated separately as follows:

(1) Reliability guarantee of PFC calculation: compared
with traditional finite element analysis or extended
finite difference analysis, the selection of PFC cal-
culation parameters involves complex dynamic
calibration and optimization, which requires a long
adjustment process and a high use cost, so it is
relatively less applied. However, as a major challenge
affecting engineering safety, it is urgent to seek new
analysis ideas and obtain intuitive calculation results
to guide engineering disease prevention and control.
In addition, the significance far exceeds the cost

itself. Based on the existing mechanical test of
concrete specimen and the model experiment of
bearing characteristics of cracked lining, this project
conducts macrosimulation effect controls from both
aspects of material characteristics and structural
characteristics, thus ensuring the validity and reli-
ability of calculation parameters and calculation
results.

(2) Consideration of lining crack causes: the causes of
cracks in lining structure are the key external causes
that affect the crack state. However, due to the
characteristics of tunnel structure, most of the ge-
netic parameters, such as structural bias, stratum
dislocation, and hydrostatic pressure, cannot be
directly obtained by testing, which need to be refined
and judged by combining expert analysis. Too many
parameters may lead to extremely complex calcu-
lation and make it difficult to realize and control. In
this paper, taking the tunnel buried depth, sur-
rounding rock grade, and lining thickness as rep-
resentatives of external action and structural
strength, the crack length, width, depth, and direc-
tion as phenomenon indexes, the corresponding
relationship between the external action and the
internal response is established onmechanics. Due to
the strong correlation between the causes and
phenomena of diseases, the crack phenomena are
very different under different causes of diseases. If
the input parameters are contrary to the model as-
sumptions, the fitting results of the BP neural system
will deviate greatly from the training data, so expert
system intervention is adopted for constantly im-
proving and optimizing the neural network

Table 5: Average value of R2 predicted by different training data functions for 10 times.
Training algorithm Number of neurons in hidden layer Training set R2 Test set R2

L-M algorithm 7 0.958 0.982
Quasi-Newton method 7 0.947 0.953
Bayesian regularization algorithm 7 0.976 0.989

Figure 14: Crack classification system based on Python programming and neural network kernel.
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parameters, so as to dynamically consider the
complex conditions eventually.

(3) Consideration of cracks in reinforced concrete lining:
tunnel lining structure is mainly divided into plain
concrete and reinforced concrete. In early tunnel
construction, due to the inadequate economic de-
velopment, plain concrete is widely used. However,
due to the weak tensile capacity of concrete materials,
when the surrounding rock condition is poor, the
tunnel lining is prone to bending failure and shear
failure under the action of load, thus leads to a lot of
cracks in the early plain concrete structure.6at is the
reason why this study mainly focuses on plain con-
crete structure. For reinforced concrete structure, the
PFC particle flowmethod in the study of lining cracks
is still not mature, the numerical modeling and re-
duction of the cooperative bearing capacity with
different materials of steel and concrete are relatively
complex and involve more indexes and parameters.
6erefore, the research on the mechanical charac-
teristics and classification of cracks in reinforced
concrete structure is included in the next stage of
work, and the follow-up research will be carried out
continually upon the maturity of conditions.

6. Conclusion

6is study focuses on the difficult problem of tunnel crack
classification, taking plain concrete structure as the object,
using the PFC particle flow calculationmethod to calculate the
bearing capacity and crack propagation characteristics of
cracked structure under different load conditions, structural
conditions, and crack phenomena. 6e BP neural network
system based on mechanical calculation results has been
obtained through training. In this study, expert dynamic errata
mechanism is introduced and the software is programmed to
achieve accurate and efficient fracture classification.

6e specific research achievements are as follows:

(1) In this study, the axial compression test of C30 plain
concrete structure and the bearing capacity test of
cracked tunnel have been carried out. 6rough the
analysis and comparison of bearing capacity and
deformation characteristics, the calculation param-
eters of PFC are dynamically investigated. 6e errors
between the final simulation results of structural
displacement, crack depth, and the test results are
less than 10% and 18%, respectively, which proves
the feasibility of PFC in tunnel crack calculation and
the accuracy of parameter values taken.

(2) Based on the statistical analysis of diseases, practical
operation feasibility, and numerical simulation
analysis, a classification index system is proposed,
which takes the tunnel buried depth H as the load
characterization quantity, and the crack position P,
crack length L, crack width W, crack depth D, and
crack direction A as the disease characterization
quantities. Combined with the state of load-bearing
safety, crack stability, and expert system, the basic

data of lining crack classification based on me-
chanical characteristics are obtained.

(3) A neural network system using seven hidden layer
neurons and the Bayesian regularization algorithm is
obtained through the BP neural network artificial
intelligence prediction tool as well as the training and
verification of the basic data of mechanical calculation
results. An expert system errata mechanism is in-
troduced to target the high deviation prediction re-
sults, which realizes the dynamic optimization,
stability, and reliability of complex disease evaluation.
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