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Abstract: Anchor bolt corrosion is a complex and dynamic system, and the prediction and iden-
tification of its corrosion degree are of significant importance for engineering safety. Currently,
non-destructive testing using ultrasonic guided waves can be employed for its detection. Building
upon the analysis of anchor bolt corrosion mechanisms, this paper proposes a method for evaluating
the corrosion degree of anchor bolts based on multi-scale convolutional neural networks (MS-CNNs)
that address the multi-mode propagation and dispersion effects of ultrasonic guided wave signals
in non-destructive testing. Electrochemical experiments were conducted to simulate anchor bolt
corrosion, and ultrasonic guided wave non-destructive testing was performed every 12 h to obtain
waveform data. An MS-CNN was then utilized to accurately diagnose the corrosion degree of the an-
chor bolts. The test results demonstrate that this method effectively detects and diagnoses the extent
of anchor bolt corrosion, facilitating timely troubleshooting and preventing potential safety accidents.

Keywords: multi-scale convolutional neural networks; ultrasonic guided waves; non-destructive
testing; anchor bolt corrosion

1. Introduction

An anchor bolt is an important component widely used in geotechnical engineering
and rock support, which can withstand tensile and shear forces by bonding with concrete,
rock, and other structures. However, in practical applications, anchor bolts may suffer from
corrosion, leading to damage to their mechanical performance and service life. Through the
use of non-destructive testing, the early detection and evaluation of anchor corrosion can be
achieved, allowing for appropriate maintenance and repair measures to be taken in order
to ensure the safety and reliability of the structure. Anchor bolt corrosion is a chemical
reaction process that occurs on the metal surface due to chemical changes in different
media. In particular, the corrosion of chloride ions severely affects the durability of the
structure [1]. This chemical reaction can destroy the protective layer on the metal surface,
exposing it to harsh environments such as oxygen, moisture, acidic or alkaline substances
and triggering further corrosion reactions [2]. To investigate the corrosion of anchor bolts,
it is necessary to acquire corrosion test samples. Wang et al. [3] accelerated the corrosion
of anchor bolts using a self-developed stress corrosion apparatus for grouted rock anchor
bolts, conducting corrosion tests under different working stresses, corrosion environments,
and corrosion times. Wei et al. [4] used low-coherence fiber optic interferometry to
monitor the corrosion of rock anchor bolts and obtained corrosion specimens through
electrochemical-accelerated corrosion experiments. Ding et al. [5] studied the deteriorating
effect of the shear performance of prestressed anchor bolts in jointed rock masses under
different corrosion levels using electrochemical-accelerated corrosion tests and direct shear
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tests. Typically, corrosion studies on anchor bolts are completed under accelerated corrosion
in indoor environments, yielding results in a relatively short period of time.

Anchor bolt corrosion typically occurs within the internal structure of the anchor bolt
and is not directly observable. In considering the requirement for structural integrity, a sig-
nificant amount of research has been conducted on non-destructive testing (NDT) methods,
with ultrasonic guided wave technology gaining increasing attention and application due
to its advantages of a long monitoring distance and wide coverage range [6]. Guided wave
technology is sensitive to corrosion and is suitable for monitoring interface changes caused
by corrosion at certain frequencies [7]. The signal propagates in the form of an elastic wave
in the bolt, and experiences scattering, reflection, refraction, and diffraction in the bolt,
concrete, and rock mass, and finally forms guided wave. In tracking and comparing the
changes in signals at different time periods, the corrosion degree of the anchor bolt can
be identified. Majhi et al. [8] applied an improved time–frequency method based on the
S-transform to analyze the received signals. Sriramadasu et al. [9] used ultrasonic guided
wave scattering technology to detect and evaluate local damages in the form of corrosion
pits on bare bars at an early stage. The results showed that the proposed damage index
method can be successfully used to monitor the axial extent and strength of steel rebar pit-
ting corrosion. Talakokula V et al. [10] proposed that the corrosion process, including three
stages of initiation, progression, and reduction in diameter, can be successfully monitored
using a longitudinal guided wave mode.

Although the aforementioned studies have promoted the development of the non-
destructive testing and monitoring of corrosion using ultrasonic guided wave technology,
the complexity of the internal structure of anchor bolt anchoring systems in practical
situations and the high complexity of propagated guided wave signals pose challenges in
processing reflected signals. Zhang et al. [11] combined the empirical mode decomposition
method with the multi-scale entropy method to analyze guided wave signals and quantify
the number of internal defects in anchor bolt anchoring systems. Li et al. [12] studied resin
bolts with different anchorage defects (disbonding length and notch size). The influence of
the L-mode defect detection ability and defect size parameters on the amplitude of guided
wave signal was analyzed. The experimental results showed that the L-mode can be used
to detect bolt defects, and the amplitude of the defect back wave represents the defect size.
Zhang et al. [13] trained six machine learning models using ultrasound detection data
and predicted the influence of the deterioration and corrosion levels of rubber concrete on
ultrasound features. However, research on the corrosion identification of bolt anchoring
systems using ultrasonic guided waves is limited, and current NDT data analysis primarily
relies on digital signal processing techniques such as fast Fourier transforms (FFTs), wavelet
transforms, correlation analyses, and adaptive filtering. Neural networks, on the other
hand, possess strong learning and generalization capabilities and can automatically learn
the internal structural features of anchor bolts, obtaining more accurate prediction results
through sample training [14]. In the process of actual bolt detection, the neural network
exhibits the capability to handle extensive amounts of data simultaneously, enabling the
real-time evaluation of bolt quality, minimizing the requirement for manual intervention
and adjustments, and enhancing problem-solving efficiency.

The main contributions of this study are reflected in two aspects:
(1) The analysis of the corrosion mechanism of anchor bolts and the propagation

mechanism of ultrasonic guided waves in anchor bolts through practical experiments;
(2) The design of a multi-scale convolutional neural network (MS-CNN) model for

classifying and identifying ultrasonic guided wave signals, capturing local features of
different degrees and improving the expressive ability of the model for features in ultrasonic
guided wave data.

The structure of the rest of this paper is as follows: Section 2 introduces the theoretical
background, Section 3 presents the propagation mechanism of guided waves in anchor bolts
and non-destructive testing experiments, and Section 4 discusses the experimental results.
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2. Corrosion Mechanism and Experimental Study of Anchor Bolts
2.1. Corrosion Theoretical Model of Anchor Bolts

The corrosion process model is an important reference for identifying the corrosion of
anchor bolts in rock masses. The corrosion forms of anchor bolts include uniform corrosion,
pitting corrosion, and stress corrosion, among others. As shown in Figure 1, when anchor
bolts are used for a long time in environments with high chloride ion content, they are prone
to corrosion by chloride ions. The evolutionary process of anchor bolts being corroded by
chloride ions is as follows.

Initial stage: Chloride ions infiltrate the interior of the anchor bolt anchoring system,
eroding the surface of the anchor bolt and gradually breaking down the protective layer of
the anchor bolt.

Accelerated stage: The deterioration of the protective layer on the surface of the anchor
bolt intensifies, resulting in an increased exposed area of the anchor bolt. Chloride ions
continuously penetrate and migrate, further corroding the anchor bolt.

Stable stage: The sectional area of the anchor bolt reaches a certain extent, causing
a reduction in the cross-sectional area of the anchor bolt and resulting in a loss of the
load-bearing capacity.

anchoring agent

𝐹𝑒 ↑→ 𝐹𝑒2+ + 2𝑒− 𝐹𝑒2+ + 2𝐶𝑙− = 𝐹𝑒𝐶𝑙2

𝐹𝑒𝐶𝑙2 + 2𝑂𝐻− = 𝐹𝑒 𝑂𝐻 2 + 2𝐶𝑙− 𝑂2 + 2𝐻2𝑂 + 4𝑒− → 4𝑂𝐻−

rock mass

corroded area

anchor bolt

rock mass

Figure 1. Schematic of anchor bolt corrosion.

2.1.1. Electrochemical Corrosion Principle

Due to the slow corrosion rate in natural environments, electrochemical corrosion
methods are commonly used to accelerate the corrosion process [15]. The following reac-
tions describe the principles of electrochemical corrosion.

Anodic reaction:
Fe ↑→ Fe2+ + 2e− (1)

Cathodic reaction:
O2 + 2H2O + 4e− → 4OH− (2)

The equation for the secondary reaction occurring in the anodic region is

Fe2+ + 2OH− → Fe(OH)2 (3)

Unstable Fe(OH)2 will continue to oxidize in a humid environment and form Fe(OH)3
in the following reaction:

Fe(OH)2 + O2 + 2H2O → 4Fe(OH)3 (4)

The presence of chlorides increases the hygroscopicity of anchoring agents, decreases
their resistivity, and accelerates the corrosion of anchor bolts. Free chloride ions combine
with the passive film on the surface of steel reinforcement to form water-soluble complexes,
which react with alkaline substances to generate iron hydroxides and release chloride ions.
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Chloride ions act as catalysts in this process. The chemical reaction can be represented by
the following equations:

Fe2+ + 2Cl− = FeCl2 (5)

FeCl2 + 2OH− = Fe(OH)2 + 2Cl− (6)

2.1.2. Corrosion Current Calculation

The constant-current-accelerated corrosion method was employed in this study to
accelerate the corrosion rate of the anchor bolt by applying a constant electric current to its
corroded surface. Specifically, this current can be calculated using the following equation:

I = is = iπdl (7)

where i represents the current density on the corroded surface of the anchor bolt, s repre-
sents the area of that surface, d represents the diameter of the anchor bolt, and l represents
the length of the anchor bolt. In this experiment, the constant current method was employed
with a current magnitude of 2.5 A and a corrosion contact area of 5942 mm2. The calculation
yields an average corrosion current density of 0.04 A/cm2.

2.2. Electrochemical-Accelerated Corrosion Experiment

Electrochemical-accelerated corrosion is a method used to simulate the corrosion
process and accelerate the corrosion rate of the anchor bolt. In this study, an anchor bolt with
a length of 1.5 m was selected, with a free segment length of 50 cm and an anchored segment
length of 100 cm. An anchoring agent with a length of 8 cm was applied in the middle of the
anchored segment prior to the experiment. After curing the sample, the bolt specimen was
submerged in a 3.5% NaCl solution for a duration of 12 h to ensure the full penetration of the
NaCl solution into the anchoring agent. Subsequently, the anchor agent was also immersed
in a 3.5% NaCl solution to facilitate accelerated corrosion testing. The choice of 3.5% NaCl
concentration is widely adopted by researchers due to the solubility properties of NaCl,
aligning this range with safe laboratory conditions and reflecting real-world scenarios.
The corrosion period was set at 12 h, maintaining room temperature throughout. Following
corrosion, the anchor was retrieved and subjected to surface cleaning before undergoing
ultrasonic guided wave testing. A total testing duration of 72 h was conducted to replicate
potential corrosion conditions that the bolt might encounter in an authentic environment.
The specimen is shown in Figure 2. The connection for the electrochemical-accelerated
corrosion test is illustrated in Figure 3.

Figure 2. The corroded anchor bolt specimen.

In this study, a DC stabilized power supply with an adjustable range of 0–32 V and
0–3 A was used to achieve the accelerated corrosion process. Each specimen was subjected
to a constant current of 2.5 A for corrosion. Specifically, the anchor bolt was used as the
anode, and a copper rod was used as the cathode. A DC regulated power supply was
employed to apply the corrosion current, with a current density of 40 mA/cm2 on the
surface of the anchor bolt. During the testing process, water was periodically replenished,
while maintaining a constant NaCl solution concentration.
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+ -

DC

copperanchor bolt anchoring agent NaCl solution

plastic brick

Figure 3. Electrochemical-accelerated corrosion test.

2.3. Electrochemical-Accelerated Corrosion Results

The same anchor bolt was used as the specimen in the experiment. In order to achieve
the desired corrosion level promptly, the corrosion test was conducted for a total of six
different durations, with a 72-h period and intervals of 12 h between each corrosion session.
A visual assessment of the anchor bolts with varying corrosion rates is shown in Figure 4.
The corrosion rate for each steel bar sample was calculated as follows: the initial mass
of the non-corroded anchor bolt is denoted as m0, and the mass of the anchor bolt after
corrosion is denoted as m1. The corrosion rate of the anchor bolt is

Cr =
m0 − m1

m0
× 100% (8)

(a) 12 h (b) 24 h (c) 36 h

(d) 48 h (e) 60 h (f) 72 h
Figure 4. Samples with different degrees of corrosion.

During the process of electrochemical corrosion, the mass loss of particles can be
estimated according to Faraday’s Law:

∆m =
MIt
zF

(9)

In the equation, ∆m represents the mass loss of the anchor bolt. M stands for the molar
mass, z refers to the absolute value of the total number of positive or negative valence states
in a compound, F represents the Faraday constant with a value of F = 9.65 × 104 C/mol, I
represents the current intensity, and t represents the time the current flows in seconds (s).

The corrosion products are mainly composed of Fe2+ and Fe3+ [16]. In this study,
the theoretical mass losses of the anchor bolt after 12 h of accelerated corrosion were 31.25 g
(for Fe3+) and 20.84 g (for Fe2+). In natural corrosion, the current density of the anchor bolt
varies from 0.1 µA/cm2 to 10 µA/cm2. The value of 0.04 A/cm2 used in this study was
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400 times the maximum value of the range. The 12 h corrosion period in the experiment
corresponds to over 200 days in real-life conditions. The corrosion time and mass loss are
shown in Table 1.

Table 1. Corrosion results.

Corrosion Time (h) Remaining Mass (g) Mass Loss
(g) Corrosion Percentage Corresponding Actual Corrosion Time (d)

0 3477.8 0 0 0
12 3452.7 25.1 0.72% ≥200
24 3424.2 53.6 1.54% ≥400
36 3394.6 83.2 2.39% ≥600
48 3369.4 108.4 3.12% ≥800
60 3345.2 132.6 3.81% ≥1000
72 3322.6 155.2 4.46% ≥1200

3. Propagation Mechanism and Signal Processing of Guided Waves in Anchor Bolts
3.1. Propagation of Ultrasonic Guided Waves in Anchor Bolts

In assuming that the concrete is an isotropic elastic medium and the cylindrical body
is axially symmetric and infinitely long, the axis of the cylinder coincides with the z-axis.
In this configuration, guided waves can propagate along the cylinder and form three
primary wave modes: a longitudinal wave L, transverse wave T, and torsional wave F.
The longitudinal wave L propagates along the axis of the cylinder (i.e., the z-axis), with its
vibration direction being parallel to the direction of wave propagation. The transverse
wave T propagates radially or tangentially along the cylinder, with its vibration direction
perpendicular to the direction of wave propagation. The torsional wave F is a wave mode
that rotates the cylinder around its axis without significant radial or axial displacement.
A schematic of guided wave propagation is presented in Figure 5, and the propagation
equations are given in (10) to (15) [17].

L

T

F
Figure 5. Propagation of guided waves in anchor bolts.

For longitudinal waves in a cylinder, the displacement field propagates along the axis of
the cylinder. The wave velocity of the longitudinal wave is given by the following equation:

cL =
√
((λ + 2µ)/ρ) (10)

where ρ represents density, λ and µ are Lamé constants, and CL denotes the longitudinal
wave velocity in the cylindrical body. The dispersion equation for longitudinal waves in a
cylindrical body is given by the following equation:

k2 + (ω2/c2
L) = 0 (11)

where k is the wave number and ω is the angular frequency. For transverse waves in
a cylinder, the displacement field propagates perpendicular to the axis of the cylinder.
The wave velocity of the transverse wave is given by the following equation:

cT =
√

µ/ρ (12)
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The dispersion equation for transverse waves in a cylindrical body is as follows:

k2 + (ω2/c2
T)(1 + (J′n(kr))2/(Jn(kr))2) = 0 (13)

where Jn and J′n are the derivatives of the first-kind and second-kind Bessel functions,
respectively, and r is the radius of the cylinder.

For torsional waves in a cylinder, the displacement field forms a helical pattern and
propagates along the axis of the cylinder. The wave velocity of the torsional wave is given
by the following equation:

cF =
√
(µ/(ρ + 4µ/3)) (14)

The dispersion equation for torsional waves in a cylindrical body is given by

k4 + (ω2/c2
S)(k

2 + 1.5k2(J′n(kr)/Jn(kr))2) = 0 (15)

During the propagation of guided waves, there are three modes of waves: L(0,m),
T(0,m), and F(1,m). Here, ‘m’ represents the mode order, while ‘0’ and ‘1’, respectively,
denote symmetric and asymmetric wave fields. The dispersion curve of a 20 mm diameter
anchor bolt was plotted using MATLAB R2021b software, and these dispersion curves are
shown in Figure 6. From the dispersion curves, it can be observed that within the frequency
range of 0–1000 kHz, the L(0, 1) mode exhibits a frequency band with the fastest group
velocity and minimal variation, spanning from 20 to 40 kHz, as depicted in Figure 5. This
characteristic enables the L(0, 1) mode to arrive at the receiving sensor first among all echo
signals, without waveform distortion, making it easily identifiable and distinguishable in
the time domain. Additionally, this frequency band falls below the cut-off frequency of
other modal guided waves, thus ensuring that the L(0, 1) mode does not generate higher-
order modal guided waves during detection. A five-cycle Hanning window-modulated
pulse with a center frequency of 30 kHz was chosen as the driving signal.

0 100 200 300 400 500 600 700 800 900 1000
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T(0,2)

T(0,3)

T(0,4) T(0,5) T(0,6)
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F(1,2)

F(1,3)
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F(1,9)

F(1,10)

F(1,11)

F(1,12)

F(1,13) F(1,14)

Figure 6. Group velocity dispersion curve of 20 mm ribbed anchor bolts.

3.2. Propagation of Guided Waves in Anchor Bolts with Corrosive Defects

When guided waves penetrate the corroded area on the surface of an anchor bolt,
the reductions in the cross-sectional area and material damage in that region result in
energy focusing and scattering, leading to changes in the distribution of energy density.
Additionally, the propagation velocity and direction of guided waves within the rod are
influenced by factors such as the properties of the medium and the geometric shape.
Consequently, the change in the propagation path caused by corrosive defects also affects
the velocity and direction of the wave propagation. The propagation of guided waves in
anchor bolts with corrosive defects is illustrated in Figure 7.
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A

B

C

D

E

F

G

H

1 2 3 4

Corroded area

Figure 7. Schematic of guided wave propagation: (A) wave transmission; (B) wave reflections
at boundaries 2 and 1; (C) waves are reflected from boundaries 3 and 2; (D) wave reflections at
boundaries 3 and 1; (E) wave transmission; (F) wave reflections at boundaries 3 and 4; (G) wave
reflections from borders 2 and 3; and (H) wave reflections from borders 2 and 4.

4. Multi-Scale Convolutional Neural Networks for Anchor Bolt Corrosion Recognition
4.1. CNN for 1D Signals

A CNN is generally used in the fields of computer vision, image recognition, and
so on. In dimensional data processing, a 1D-CNN can analyze numbers of fixed length,
especially when the data feature is not highly correlated with the location of the data.
However, the corresponding characteristics can be obtained effectively. In order to prevent
anchor bolt failure caused by corrosion and provide early fault diagnosis, an AI-based
intelligent decision-making mechanism can be developed [18]. Unlike traditional machine
learning algorithms, a convolutional neural network (CNN) architecture offers effective
solutions for classification problems with its powerful self-learning capabilities and state-of-
the-art performance. The CNN is an important algorithm in the field of deep learning and
operates through convolutional layers, pooling layers, and fully connected layers. In the
convolutional layer, neurons gather data from different input regions and share the same
set of weights. In assuming that the input image matrix is denoted as X, the convolutional
kernel matrix as W, the activation function as f, the bias matrix as b, and the output pixel
matrix as Y, the calculation formula for the convolutional layer is as follows:

Y = f (X ⊗ W + b) (16)

where ⊗ represents the convolution operation. In practice, the bias term b is obtained
through training. The size of the output feature map depends on the size of the filter and
the stride. For instance, when the convolutional kernel size is F × F and the stride is S,
for an input image of size H × H, the output size is W × W.

The pooling layer is used to reduce the resolution of the previous feature maps and
can operate based on methods like maximum or average pooling. If an input of size W × W
is fed into the pooling layer, the output size is determined by the following formula:

W ′ = (W − F)/S + 1 (17)
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Convolutional neural networks (CNNs) typically consist of multiple fully connected
layers at the top, similar to feed-forward neural networks, aiming to extract global features
from the input. The last layer is a softmax classifier used to estimate the posterior probability
of the input sample across K different classes.

In summary, a CNN extracts features and performs pattern learning through oper-
ations such as convolution, pooling, and fully connected layers. It holds a significant
position in the field of deep learning and has achieved remarkable results in areas such as
time-series data recognition.

4.2. Multi-Scale Convolutional Neural Network Model Design
4.2.1. Construction of MS-CNN

Considering the inherent multi-scale characteristics of complex patterns in measured
signals for corrosion diagnosis, this paper proposes an MS-CNN fault diagnosis method
for improving accuracy corrosion diagnosis. Although CNN models improve their feature
self-learning ability by learning the vibration characteristics in raw signals, the robustness
of the model may be poor if it does not consider these complex patterns present at multiple
time scales. In this section, a new improved multi-scale procedure based on traditional
multi-scale analysis methods is proposed to extract more information at multiple time
scales. The structure and parameter settings of the MS-CNN model are shown in Table 2.
Two new convolution branches are added in series within the 3 × 3 kernel convolution layer,
as low-level convolutions have small-size filters. These branches include mid-high-level
convolution kernels with 4 × 4 and 5 × 5 kernels to extract multi-scale signal features from
the input. The use of a convolution kernel divided into three different scales for extracting
ultrasonic conduction wave characteristics of bolt corrosion may be motivated by the need
to capture corrosion conditions at varying scales. In ultrasonic guided wave detection,
corrosion typically exhibits characteristics at different scales, including local fine corrosion
and large areas of corrosion. Additionally, batch normalization (BN) is added after the
convolutions to avoid overfitting and improve the convergence speed of the network. The
network structure design is shown in Figure 8.

Table 2. The structure and parameter settings of the MS-CNN model.

Layer Number Structure Type Parameter

1 Input layer 762 waveforms
2 Convolutional layer 1 3 × 1
3 Convolutional layer 2 4 × 1
4 Convolutional layer 3 5 × 1
5 Concat layer —
6 Convolutional layer 4 3 × 1
7 Dropout layer Probability is 0.5
8 Fully connected layer —
9 Output layer —

Conv2

Conv3

Conv4

batchnorm2

batchnorm3

batchnorm4

relu2

relu3

relu4

Conv2

Conv3

Conv4

Concat

Figure 8. The framework of the MS-CNN model consists of three pathways that can extract features
at different time scales.
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4.2.2. MS-CNN Network Architecture

Each pathway in the CNN network has a similar structure. It consists of four convo-
lutional layers, four pooling layers, and two fully connected layers, as shown in Figure 9.
To reduce overfitting during training, a dropout layer with a dropout rate of 50% is intro-
duced between the remaining two fully connected layers.

input

200×1×1

64
4×1

64
5×1

64
3×1

2×1

2×1

2×1

200×1×64

C
oncatenate

100×1×64

100×3×64

128
3×3 4×1100×3×128 49×2×128

256

D
ropout

6

Softm
ax

Fc

Fc

Conv Max Pool

Conv
Max Pool

6

200×1×64 100×1×64

200×1×64 100×1×64

Conv1

Six different colors represent six 
different etched bolt waveforms

Figure 9. MS-CNN framework.

5. Experiment Results and Analysis
5.1. Experiment on Non-Destructive Testing of Anchor Bolts
5.1.1. Anchor Bolt and Anchoring

The experimental anchor bolts had a diameter of 20 mm and a length of 1500 mm.
The anchoring section had a length of 1000 mm, and the performances of the anchor bolt
and anchoring parameters are listed in Table 3. The anchor bolt protrudes 500 mm from
one end of the rock mass for the installation, excitation, and measurement of the ultrasonic
guided wave device. The length of the corrosion zone was set to 80 mm.

Table 3. Corrosion results.

Type Length/m Diameter/mm Poisson Ratio Elasticity Modulus/GPa Density kg/m3

Anchor Bolt 1.5 20 0.3 210 7850
Anchor agent 1.0 32 0.2 25 2300

Surrounding rock 1.0 200 0.25 60 2600

5.1.2. IEPE Piezoelectric Acceleration Sensor

In this study, the Tektronix AFG3052C signal generator (From China Tektronix Technol-
ogy Co., Ltd., Shanghai, China) was employed to generate a five-period sine wave with an
excitation frequency of 30 kHz as the excitation signal. The excitation signal is emitted from
point A, the transmitting end of the sensor, and received at point B, the receiving end of the
sensor. Subsequently, it is transmitted to the DHDAS dynamic signal acquisition system.
The signal acquisition process is finalized after passing through a modulated Butterworth
filter for effective filtering. The non-destructive testing process of the anchor bolt is shown
in Figure 10. After 12, 24, 36, 48, 60, and 72 h of corrosion, the specimens were subsequently
positioned within the anchoring system and securely affixed using an anchoring agent.
Then, ultrasonic guided wave detection was conducted, wherein the resulting waveforms
were meticulously documented. The actual signal acquisition experiment is illustrated in
Figure 11.

1000mm

500mm

460mm 80mmExcitation location

Anchor bolt Corroded areaRock mass

Anchoring agent

Receiving location

A B C D E F

A:Excitation location
B:Receiving location
C:Anchor Face
D:Front corroded area
E:Rear corroded area
F:Bottom end of anchor bolt

Figure 10. Schematic of non-destructive testing process.
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Figure 11. Actual signal acquisition.

5.2. Ultrasonic Guided Wave Test Waveform
5.2.1. Experimental Ultrasonic Guided Waveforms

From Figure 12, it can be observed that the signal waveform of an intact anchor bolt
typically exhibits a clear and regular pattern, with the peak and center frequencies of its
primary wave remaining stable and without additional reflected wave signals. In contrast,
the signal waveform of a defective anchor bolt displays a complex pattern due to the
superposition of a defect reflection wave signal, resulting in a shift in the peak and center
frequencies of its primary wave. This superposition also leads to a certain degree of phase
shift in the received waveform.

In the figure, the second wave packet represents the echo reflected from the corrosion
defect on the anchor bolt, while the third wave packet corresponds to the echo reflected
from the bottom surface of the anchorage. In measuring the time intervals between each
wave arrival, the position of the anchor bolt corrosion defect and the length of the free
segment and anchorage section can be calculated. The first wave peak occurs at 0.120 ms,
the echo from the anchorage surface arrives at 0.29 ms, the echo from the corrosion defect
arrives at 0.474 ms, and the echo from the bottom of the anchorage arrives at 0.671 ms. Based
on the calculation of group velocity from the time-domain waveform, the propagation
speeds of the guided wave in the free section and the anchored section of the anchor bolt
are 5748 m/s and 4959 m/s, respectively. Therefore, the free segment of the anchor bolt
was determined to be 48.86 cm, the position of the corrosion defect was at 89.27 cm, and the
length of the anchorage section was 100.02 cm. The calculation yielded a 2.97% error in the
position of the defect and a total length of 148.88 cm with a 0.75% error.
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Figure 12. Ultrasonic guided wave waveform diagram for anchor bolt non-destructive testing.
(a) Normal anchor bolt Waveform graph. (b) Waveform graph of anchor bolt after 12 h of corrosion.

Figure 13 shows the guided wave signals of anchor bolts with different degrees of
corrosion in actual experiments. It can be observed that in practical situations, due to
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uncertainties in corrosion and the presence of phenomena such as the dispersion and
overlapping of guided waves, the amplitude, time delay, and frequency attenuation of
the reflected guided wave signals become more complex. These variations also affect
the resolution and identification accuracy of the signals. It is important to consider these
influencing factors during data processing and analysis in order to improve the reliability
and accuracy of the signals.
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Figure 13. Guided wave signals of anchor bolts with different degrees of corrosion.

5.2.2. The Uncertainty of Waveforms at the Same Position

During the signal acquisition process of non-destructive testing experiments, the signal
sensors continuously sample at a fixed sampling frequency. In this study, sequences with
a length of 200 sampling points were used as the original samples. The dataset consisted
of 127 groups of ultrasonic guided waveforms collected under different corrosion levels.
As shown in Table 4, during the training process, the labeled dataset of 762 groups of data
was randomly shuffled, and it was divided into a training set of 610 groups and a test set
of 152 groups in an 8:2 ratio. During the actual detection process, multiple factors can
affect the test results, such as sensor position, angle, coupling condition, environmental
noise, etc. These factors introduce various distortions and interferences, increasing the
complexity of the waveform. Figure 14 shows the guided wave signals collected at the
same position, and it can be observed that even when the sensor remains stationary, there
are significant differences in the reflected signals. This makes it more difficult to identify
the characteristics of the waveforms.
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Figure 14. Corrosion ultrasonic guided wave signal collected at the same position after 72 h of corrosion.
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Table 4. Dataset description.

Training Set Test Set Degree of Corrosion

Dataset 1 101 25 0.72%
Dataset 2 101 25 1.54%
Dataset 3 101 25 2.39%
Dataset 4 101 25 3.12%
Dataset 5 102 26 3.81%
Dataset 6 102 26 4.46%

The randomness of the CNN network during the training process can lead to different
recognition results that continuously change. In order to obtain a more objective and
accurate recognition rate, it is common to increase the sample size and take the average
of multiple experimental results to reduce the influence of objective conditions on the
experimental results.

Under the prediction results of the CNN model, we can observe from Figure 15a that
the loss function converges to the order of 10−3. The classification recognition results of
anchor bolt corrosion can be represented by the prediction accuracy and the final confusion
matrix. The MS-CNN effectively extracts features from guided wave signals, achieving a
prediction accuracy of 99.4% with only one waveform misclassified.
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Figure 15. Training of MS-CNN. (a) CNN model training progress chart. (b) Confusion matrix results
for multi-scale CNN model recognition.

5.3. Comparison with the Latest Methods

In order to evaluate our method better, we compared the MS-CNN with other models.
Since there is limited research on the waveform recognition of anchor bolt corrosion, we
selected methods that also recognize time series for comparison. The compared methods
included SqueezeNet, TI-CNN [19], CNN-LSTM [20], and CNN-BiLSTM-SE [21], as shown
in Figure 16 and Table 3. It should be noted that during the comparison process, due
to the differences in dataset size between this study and the literature, we adjusted the
convolutional kernel size and stride of some models. The training results for each method
are shown in Table 5.

(a) (b)

Figure 16. Comparison of training for different models. (a) Training accuracy of different methods
based on raw signals. (b) Training time of different methods.
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From the comparison results, it can be seen that MS-CNN has the highest recognition
accuracy, reaching 99.4%. The CNN-LSTM has the fewest model parameters and takes
only 18 s for training, with a recognition accuracy of 96.1%. The CNN-BiLSTM-SE model
incorporates a bidirectional long short-term memory network (BiLSTM) to effectively model
long-term dependencies in sequence data, achieving an accuracy of 98.6%. The recognition
accuracy of the SqueezeNet model is not ideal, possibly because it fails to capture the
temporal correlations in the ultrasonic guided wave recognition scenario sufficiently. The TI-
CNN model shows slow improvement in accuracy at the beginning of training as it only
introduces dropout to enhance the model’s generalization ability, and it takes longer time
than the MS-CNN to achieve the same 98% recognition accuracy. The multi-scale model
requires doubling the number of convolutional kernels in adjacent paths, leading to a
rapid increase in parameter count and training time as the number of paths increases.
Although the MS-CNN does not show significant advantages in terms of model parameters
and training time, it greatly improves the recognition accuracy.

Table 5. Predicted results of corrosion level types under different methods.

Method Accuary MSE Precision Ratio Recall Ratio F1 Score

SqueezeNet 92.3 3.293 0.934 0.913 0.919
TI-CNN 97.0 0.694 0.970 0.970 0.970

CNN-LSTM 96.1 0.568 0.960 0.961 0.960
CNN-BiLSTM-SE 98.6 0.262 0.989 0.988 0.988

MS-CNN 99.4 0.026 0.994 0.993 0.993

6. Conclusions

This study investigated the recognition of accelerated electrochemical corrosion defects
in anchor bolts using convolutional neural networks through testing on anchor specimens
with different corrosion periods. The conclusions are as follows:

(1) Guided waves propagate in multiple modes within the anchor bolts, and the
energy of different modes propagates at different speeds. This allows guided waves to be
influenced by different modes simultaneously. In the study of the 20 mm diameter bolt,
using a 30 KHz signal excitation can ensure that only one modal L(0, 1) of longitudinal
wave exists, which facilitates the analysis of the signal.

(2) The relationship between the ultrasonic guided wave waveform and the degree of
corrosion in anchor bolts at different corrosion levels was studied. The propagation speed
and reflection intensity of ultrasonic guided waves in the corroded region vary. The strength
(i.e., high amplitude) or weakness (low amplitude) of the guided wave reflection signal is
influenced by many factors, such as the shape, size, and roughness of the object surface.
The corrosion degree of anchor bolt cannot be quantified solely based on the amplitude of
the guided wave.

(3) A corrosion evaluation method for anchor bolts based on non-destructive testing
and deep learning was proposed. This method utilizes a multi-scale convolutional neural
network model to analyze the ultrasonic guided wave signals of corroded anchor bolts and
quickly and accurately assess the degree of corrosion. On a dataset containing 608 waveform
groups, the accuracy rate for identifying the corrosion degree of anchor bolts reached 99.4%,
outperforming other comparative methods.

However, this study still has certain limitations. When analyzing the reflected ul-
trasonic guided waves, the uncertainty of the actual corrosion form should be taken into
account. The signals of guided waves may be influenced by various factors, such as the
diameter of the steel bar and the integrity of the anchoring agent. Further research is needed
to incorporate the uncertainty of other influencing factors. Additionally, the corrosion form
and degree in rock masses may differ from those in electrochemical corrosion, requiring
further investigation.



Appl. Sci. 2024, 14, 5069 15 of 16

Author Contributions: Conceptualization, G.H., S.L. and Z.T.; methodology, G.H., S.L. and X.S.;
Software, S.L. and B.D.; validation and formal analysis, G.H., S.L. and B.D.; Writing—original draft
preparation, G.H. and S.L.; writing—review and editing, G.H., Z.T. and X.S.; funding acquisition,
G.H., Z.T. and X.S. All authors have read and agreed to the published version of the manuscript.

Funding: This work is supported part by State Key Laboratory for GeoMechanics and Deep Under-
ground Engineering, China University of Mining Technology under [Grant No.SKLGDUEK2222], Key
independent research project of Hebei Provincial Collaborative Innovation Center of Transportation
Power Grid Intelligent Integration Technology and Equipment under [Grant No.TPGIITE12], Hebei
Provincial Science and Technology Plan Funded Project [Grant No.22375413D].

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Data available in a publicly accessible repository. The original data
presented in the study are openly available in [ResearchGate] at [10.13140/RG.2.2.11268.95365].

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations
The following abbreviations are used in this manuscript:

NDT non-destructive testing;
FFT fast Fourier transform;
MS-CNN multi-scale convolutional neural network;
CNN convolutional neural networks.

References
1. Hime, W.; Backus, L.; Li, C. Modeling time-to-corrosion cracking in chloride contaminated reinforced concrete structures.

Discussions and closure. ACI Mater. J. 1999, 96, 611–613.
2. Angst, U.; Elsener, B.; Larsen, C.K.; Vennesland, Ø. Critical chloride content in reinforced concrete—A review. Cem. Concr. Res.

2009, 39, 1122–1138. [CrossRef]
3. Wang, B.; Guo, X.; Jin, H.; Li, F.; Song, Y. Experimental study on degradation behaviors of rock bolt under the coupled effect of

stress and corrosion. Constr. Build. Mater. 2019, 214, 37–48. [CrossRef]
4. Wei, H.; Zhao, X.; Li, D.; Zhang, P.; Sun, C. Corrosion monitoring of rock bolt by using a low coherent fiber-optic interferometry.

Opt. Laser Technol. 2015, 67, 137–142. [CrossRef]
5. Ding, W.; Huang, X.; Wang, Z.; Chen, L. Experimental study on the shear performance of a prestressed anchored jointed rock-like

mass under different corrosion levels. Int. J. Rock Mech. Min. Sci. 2022, 158, 105209. [CrossRef]
6. Barrias, A.; Casas, J.R.; Villalba, S. A review of distributed optical fiber sensors for civil engineering applications. Sensors 2016,

16, 748. [CrossRef] [PubMed]
7. Li, D.; Ruan, T.; Yuan, J. Inspection of reinforced concrete interface delamination using ultrasonic guided wave non-destructive

test technique. Sci. China Technol. Sci. 2012, 55, 2893–2901. [CrossRef]
8. Majhi, S.; Asilo, L.K.; Mukherjee, A.; George, N.V.; Uy, B. Multimodal Monitoring of Corrosion in Reinforced Concrete for

Effective Lifecycle Management of Built Facilities. Sustainability 2022, 14, 9696. [CrossRef]
9. Sriramadasu, R.C.; Banerjee, S.; Lu, Y. Detection and assessment of pitting corrosion in rebars using scattering of ultrasonic

guided waves. NDT E Int. 2019, 101, 53–61. [CrossRef]
10. Talakokula, V.; Bhalla, S.; Gupta, A. Corrosion assessment of reinforced concrete structures based on equivalent structural

parameters using electro-mechanical impedance technique. J. Intell. Mater. Syst. Struct. 2014, 25, 484–500. [CrossRef]
11. Lei, Z.; Xianbiao, M.; Zhanqing, C.; Peng, Z.; Zhijian, L.I. Study on Multiscale Entropy Evaluation Method of Bolt Anchorage

Quality. Saf. Coal Mines 2016, 47, 64–67. [CrossRef]
12. Li, Z.; Yu, J.; Zhang, X.; Elmaimouni, L. Study on propagation characteristics of ultrasonic guided wave and detection of the

defect in resin bolts. Appl. Acoust. 2022, 195, 108843. [CrossRef]
13. Zhang, J.; Zhang, M.; Dong, B.; Ma, H. Quantitative evaluation of steel corrosion induced deterioration in rubber concrete by

integrating ultrasonic testing, machine learning and mesoscale simulation. Cem. Concr. Compos. 2022, 128, 104426. [CrossRef]
14. McCann, M.T.; Jin, K.H.; Unser, M. Convolutional neural networks for inverse problems in imaging: A review. IEEE Signal

Process. Mag. 2017, 34, 85–95. [CrossRef]
15. Feng, W.; Tarakbay, A.; Memon, S.A.; Tang, W.; Cui, H. Methods of accelerating chloride-induced corrosion in steel-reinforced

concrete: A comparative review. Constr. Build. Mater. 2021, 289, 123165. [CrossRef]
16. Bhargava, K.; Ghosh, A.; Mori, Y.; Ramanujam, S. Modeling of time to corrosion-induced cover cracking in reinforced concrete

structures. Cem. Concr. Res. 2005, 35, 2203–2218. [CrossRef]

http://doi.org/10.1016/j.cemconres.2009.08.006
http://dx.doi.org/10.1016/j.conbuildmat.2019.03.335
http://dx.doi.org/10.1016/j.optlastec.2014.10.004
http://dx.doi.org/10.1016/j.ijrmms.2022.105209
http://dx.doi.org/10.3390/s16050748
http://www.ncbi.nlm.nih.gov/pubmed/27223289
http://dx.doi.org/10.1007/s11431-012-4882-x
http://dx.doi.org/10.3390/su14159696
http://dx.doi.org/10.1016/j.ndteint.2018.10.005
http://dx.doi.org/10.1177/1045389X13498317
http://dx.doi.org/10.13347/j.cnki.mkaq.2016.03.018
http://dx.doi.org/10.1016/j.apacoust.2022.108843
http://dx.doi.org/10.1016/j.cemconcomp.2022.104426
http://dx.doi.org/10.1109/MSP.2017.2739299
http://dx.doi.org/10.1016/j.conbuildmat.2021.123165
http://dx.doi.org/10.1016/j.cemconres.2005.06.007


Appl. Sci. 2024, 14, 5069 16 of 16

17. Meeker, T.; Meitzler, A. Guided wave propagation in elongated cylinders and plates. Phys. Acoust. 1964, 1, 111–167.
18. Jiao, J.; Zhao, M.; Lin, J.; Liang, K. A comprehensive review on convolutional neural network in machine fault diagnosis.

Neurocomputing 2020, 417, 36–63. [CrossRef]
19. Zhang, W.; Li, C.; Peng, G.; Chen, Y.; Zhang, Z. A deep convolutional neural network with new training methods for bearing

fault diagnosis under noisy environment and different working load. Mech. Syst. Signal Process. 2018, 100, 439–453. [CrossRef]
20. Mane, S.A.M.; Shinde, A. StressNet: Hybrid model of LSTM and CNN for stress detection from electroencephalogram signal

(EEG). Results Control Optim. 2023, 11, 100231. [CrossRef]
21. Li, Z.; Xu, R.; Luo, X.; Cao, X.; Sun, H. Short-term wind power prediction based on modal reconstruction and CNN-BiLSTM.

Energy Rep. 2023, 9, 6449–6460. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://dx.doi.org/10.1016/j.neucom.2020.07.088
http://dx.doi.org/10.1016/j.ymssp.2017.06.022
http://dx.doi.org/10.1016/j.rico.2023.100231
http://dx.doi.org/10.1016/j.egyr.2023.06.005

	Introduction
	Corrosion Mechanism and Experimental Study of Anchor Bolts
	Corrosion Theoretical Model of Anchor Bolts
	Electrochemical Corrosion Principle
	Corrosion Current Calculation

	Electrochemical-Accelerated Corrosion Experiment
	Electrochemical-Accelerated Corrosion Results

	Propagation Mechanism and Signal Processing of Guided Waves in Anchor Bolts 
	Propagation of Ultrasonic Guided Waves in Anchor Bolts
	Propagation of Guided Waves in Anchor Bolts with Corrosive Defects

	Multi-Scale Convolutional Neural Networks for Anchor Bolt Corrosion Recognition
	CNN for 1D Signals
	Multi-Scale Convolutional Neural Network Model Design
	Construction of MS-CNN
	MS-CNN Network Architecture


	Experiment Results and Analysis 
	Experiment on Non-Destructive Testing of Anchor Bolts
	Anchor Bolt and Anchoring
	IEPE Piezoelectric Acceleration Sensor

	Ultrasonic Guided Wave Test Waveform
	Experimental Ultrasonic Guided Waveforms
	The Uncertainty of Waveforms at the Same Position

	Comparison with the Latest Methods

	Conclusions
	References

