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Abstract: The corrosion damage of rebars is a leading cause of structural failure in reinforced concrete
structures. Timely detection and evaluation of corrosion damage are crucial for ensuring structural
safety. The self-magnetic flux leakage (SMFL) technology is often used due to its unique advantages
in detecting corrosion damage of rebars. However, challenges persist in theoretically characterizing
corrosion damage and exploring influencing factors. Therefore, the magnetic dipole theory model
coupled with multiple-shaped defects is proposed and the influence of corrosion expansion force
on the detection of corrosion damage is analyzed. The results show that the standard deviation
of the magnetic field intensity induced by corrosion varied by up to 833%, while that induced by
corrosion expansion force did not exceed 10%. So the changes in the SMFL field induced by corrosion
damage play the dominant role and the influence of corrosion expansion force can be ignored. In
addition, corrosion damage experiments on reinforced concrete based on the SMFL technology were
conducted. The results indicate that the SFML curves of rebars change monotonically with the
increasing corrosion degree. Significant variations in the curves correspond well with the locations
of severe corrosion on the rebars. There is a positive relationship between the proposed magnetic
parameters and the corrosion degree of the rebars. Furthermore, a corrosion damage evaluation
model considering multiple parameters is developed to predict the corrosion degree of rebars. The
prediction results demonstrate high accuracy, with an average absolute error of only 8.33%, which is
within 10%.

Keywords: rebar corrosion; reinforced concrete; SMFL technology; influence factors; prediction
model; XGBoost

1. Introduction

Reinforced concrete structures are widely utilized in building constructions, bridges,
and various other fields due to their excellent mechanical properties. However, these
structures are susceptible to several issues, including concrete carbonation, chloride erosion,
and rebar corrosion, all of which are influenced by the service environment. These issues
could significantly reduce the durability of reinforced concrete structures [1]. Among them,
rebar corrosion caused by chloride erosion is the main factor considered in the degradation
of structural durability. The corrosion diminishes the effective cross-sectional area of the
steel bars, leading to degradation in the mechanical properties and a reduction in the bond
between the reinforcement and the concrete. Moreover, the expansion pressure caused by
corrosion products can result in corrosion-induced cracks in the protective concrete layer
when it exceeds the tensile strength of the concrete [2—4]. Once the protective layer cracks,
the ability of the protection layer to resist the invasion of harmful substances is weakened
and new chloride transport channels are provided, thereby accelerating the deterioration
in the durability of concrete structures [5,6]. Consequently, the detection of rebar corrosion
damage in structures has garnered widespread attention.
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Currently, methods for detecting corrosion damage in reinforced concrete structures
can be categorized as destructive and non-destructive testing methods. Destructive testing
methods require removing local concrete from the structure’s surface to directly assess
the corrosion degree of the exposed rebars. However, due to the structural damage by
destructive testing, non-destructive testing methods have become the primary approaches
for detecting corrosion damage. The non-destructive testing methods for corrosion damage
are based on changes in the material physical properties. These methods include electro-
chemical testing methods [7], acoustic testing methods [8], optical testing methods [9], and
electromagnetic testing methods. In the field of corrosion damage detection, ultrasound
and electromagnetic testing methods hold the dominant position. However, ultrasound
testing methods make it difficult to quantitatively characterize the degree of rebar corrosion.
Electromagnetic testing methods, including ground-penetrating radar [10], self-magnetic
flux leakage (SMFL) [11-13], etc., have shown certain advantages in this regard. Among
them, SMFL technology, which does not require external excitation compared to other
methods, is particularly suitable for detecting the corrosion damage of rebars.

SMFL technology is a passive detection method based on changes in the magnetic
properties to detect corrosion damage. Numerous studies have demonstrated the effective-
ness of SMFL technology in detecting corrosion damage of rebars. For effective detection
of corrosion damage, two critical elements must be considered: locating the corrosion and
characterizing the degree of corrosion damage. The magnetic dipole model was initially
proposed to identify the corrosion location. Over time, this model has evolved from the
initial point magnetic dipole model to the current surface magnetic dipole model with in-
depth theoretical research [14-17]. This development has enabled an effective description
of the SMFL field in the corrosion area. Many experiments and studies on rebar corrosion
damage have been conducted to verify the effectiveness of this model. The research results
indicate that the intersection points and inflection points of the SMFL curves can be used to
locate the corrosion position and identify the corrosion width [18-21]. This is consistent
with the results obtained from the magnetic dipole theory model. This characteristic in
the SMFL field has also been utilized to identify corrosion damage in prestressed steel
strands [22].

Characterizing the degree of corrosion damage is also crucial for the safety assessment
of structures. Therefore, many scholars have focused on quantitative assessment of corro-
sion damage based on the changes in the SMFL field. It has been found that there is a stable
linear quantitative relationship between the change rate of the SMFL field and the corro-
sion degree of rebars [23]. Additionally, the Bayes algorithm was introduced to combine
the magnetic parameters and the corrosion area parameters for quantitative assessment
of corrosion, achieving an accuracy rate as high as 82.5% [24]. Furthermore, the factors
influencing the results of the corrosion degree, such as the rebar diameter and protective
layer thickness, were analyzed. The protective layer thickness affects the detection results
by altering the lift-off height of the sensor [25]. Although the rebar diameter has certain
effects on the changes in the SMFL field, the changes in the magnetic field induced by
corrosion still play a dominant role [20]. Considering the influence of multiple factors, the
discreteness of the SMFL field distribution during the corrosion process is relatively large.
To address this, a grading assessment method was adopted and the support vector machine
(SVM) statistical learning algorithm was introduced to evaluate its assessment system.
Based on this, the SMFL technology was also innovatively applied to quantitative statistical
evaluation of the bending strength and the characterization of the residual bearing capacity
of corroded RC beams [26,27].

These studies have shown that the SMFL technology holds significant potential for the
quantitative characterization of corrosion damage. The distribution characteristics of corro-
sion damage on rebars are multi-point distribution patterns. However, the current magnetic
dipole models mostly focus on single defect distribution and there have been fewer studies
on the magnetic dipole models with multiple coupled defects. In addition, the effect of
corrosion expansion force on corrosion damage detection is not also explored. Therefore,
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this study conducted research on the magnetic dipole model coupled with multi-shaped
defects and carried out corrosion damage detection experiments on reinforced concrete
specimens. The effect of corrosion expansion force on corrosion damage detection is ana-
lyzed. Finally, this study achieved the prediction of corrosion damage in steel-reinforced
concrete components based on a multi-parameter corrosion damage assessment model.

2. Materials and Methods
2.1. Materials Preparation
2.1.1. Materials for Concrete Specimens

In the experiment, the reinforced concrete specimens were used as the main research
objects. According to the experimental purpose and conditions, the specimen dimensions
were designed as 150 mm x 150 mm X 350 mm, with a length of 400 mm for the main
rebar, and 25 mm of each main rebar protruding from each end of the specimen, as shown
in Figure 1. The design strength grade C30 of the concrete in code for the design of concrete
structures (GB50010-2010) [28] was adopted. The concrete had a mix ratio of cement:fine
aggregate:coarse aggregate:water of 461:512:1252:175 (kg/ m?). The cement is 42.5 R grade
ordinary Portland cement. Coarse aggregate is gravel with a diameter of 20 mm or less
and fine aggregate is medium sand. The tensile strength fy of concrete is 2.01 MPa and
the compressive strength f of concrete is 20.1 MPa. The brand of rebars is HRB400. The
chemical composition of the materials is shown in Table 1. The tensile strength f of the
HRB400 rebar is 489 MPa.

Figure 1. The dimensions of the specimen (unit: mm).

Table 1. The chemical component of HRB400.

Chemical Component (Mass Fraction)/%
Brand C Si Mn S P
HRB400 <0.25 <0.8 <1.6 <0.04 <0.04

In addition, the effects of two variables on the SMFL field were considered in the
experiment, namely the diameter of the rebars and the thickness of the concrete cover.
For the rebar diameter (D), the specimens with three different rebar diameters of 12 mm,
16 mm, and 20 mm were designed. For the cover thickness (T), three different thicknesses
of cover, 20 mm, 30 mm, and 40 mm, were designed. Before casting the test pieces, the
surface of the rebars was de-rusted and the weight of the rebars was measured by using
the balance, as shown in Figure 2. Each group consisted of three specimens to ensure the
reliability and reproducibility of the experiment. The de-molded specimens are shown in
Figure 3.

2.1.2. Corrosive Materials for Specimens

The electrical-accelerated corrosion methods are often used in corrosion tests of rein-
forced concrete. The previous studies have shown differences between accelerated corrosion
and natural corrosion. But the actual corrosion rate of rebars is essentially consistent with
the theoretical corrosion rate when the rebar surface is passivated and fully in contact with
the electrolyte [29]. The actual corrosion rate of the rebars can be accurately estimated
according to Faraday’s law. So, the electrical-accelerated corrosion method is still used
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as the main method of corrosion when considering that the corrosion of rebars in natural
environments is a relatively slow process. The electrical-accelerated corrosion methods
require the preparation of an electrolyte solution, the DC power supply, and conductive
carbon rods. The electrolyte solution is prepared using common salt, with a mass ratio of
salt to water of 1:19, resulting in a 5% NaCl solution. The chosen DC power supply is an MS
series switch-mode adjustable DC-regulated power supply with a rated power of 150 W.
It has an output voltage range of 0-30 V (continuously adjustable) and an output current
range of 0-5 A (continuously adjustable). The auxiliary carbon rods used are standard
cylindrical carbon rods with a diameter of 10 mm.

Figure 3. The reinforced concrete specimens after casting.

2.2. The Methods for Testing
2.2.1. The Corrosion Method of Specimens

The corrosion of rebars for concrete components is often non-uniform. However, in ear-
lier experiments, the corrosion of the rebars was mainly localized corrosion, which cannot
adequately reflect the actual appearance of corrosion defects. Therefore, the semi-immersed
electrical-accelerated method was used to simulate the overall corrosion condition of re-
bars inside concrete in the experiment. To ensure that there were corrosion defects at the
designated locations without causing corrosion to the end rebars, epoxy resin was applied
to the end sections of the specimens and the protruding end rebars were wrapped with
waterproof tape. The specimens were immersed in a 5% NaCl solution for 48 h to facilitate
the penetration of the salt solution to the surface of the rebar before the electrical-accelerated
corrosion. During the experiment process, the electrical-accelerated corrosion experiment
was conducted in the laboratory at room temperature (approximately 15 °C). The anode
and cathode of the DC power supply were connected to the rebar in the concrete and the
auxiliary carbon rod, which was placed in solution. Then, the lower half of the specimens
were placed in the solution. Based on the electrolysis principle, the corrosion of the rebars
was accelerated by controlling the current. So, the specimens were subjected to accelerated
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corrosion at a constant current of 0.2 A. After being powered on, ions driven by the DC
power supply penetrate the concrete and reach the surface of the rebar, leading to the
formation of a corrosion circuit. Under the long-term influence of the corrosion circuit,
the degree of corrosion for rebars gradually intensifies. The layout of the experimental
equipment is shown in Figure 4.

ST -
Specimens

Figure 4. The layout of corroding specimens.

2.2.2. The Collection Method of the SMFL Signal on Corroded Specimens

During the corrosion process of the specimens, the SMFL signals of the corroded
specimens were collected by using the magnetometer HMR2300. The magnetometer can
collect SMFL signals from three directions, with a range of £2 Gs and an accuracy of 70 pGs.
Since there is only one longitudinal rebar, the scanning paths were set directly above the
longitudinal rebar, i.e., the centerline of the concrete specimen. The longitudinal length of
the concrete specimen, which is 350 mm, was covered by the scanning paths. A total of
5 measurement heights were set with values of 1 cm, 2 cm, 4 cm, 8 cm, and 10 cm above
the surface of the specimen. The scanning paths are illustrated in Figure 5. In order to
obtain as much SMFL signal data as possible, the SMFL signals were collected along the
predetermined scanning paths every hour.

Magnetometer = J= 10em
Bz
z=8cm
By z=4cm Scanning paths
Bx z=2cm
z=1lcm
Scanning
y ’ paths
e | 150
350mm .
unit: mm

Figure 5. The scanning paths.

2.3. Theory Background of Testing

Under the long-term influence of geomagnetic fields, a weak magnetic field will
gradually appear on the surface of rebars. When rebars are subjected to corrosion, their
cross-sectional area inevitably decreases, resulting in obvious concave shapes in areas
damaged by corrosion. The permeability of this area changes from the high permeability
of iron to the low permeability of air. Consequently, a leakage magnetic field opposite
the direction of the rebars” magnetic field forms at the corrosion position, as shown in
Figure 6. Because the generated rust exists inside the structure of the reinforced concrete,
the corroded rebar bears an additional corrosion expansion force. Therefore, the measured
magnetic field of rebars is actually composed of multiple magnetic components, including
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the geomagnetic field, the magnetic field induced by the geomagnetic field, the SMFL field
induced by corrosion defects, and the magnetic field induced by corrosion expansion force.
The specific expression is as follows:

H = H,+ H; + H. + Hs (1)

where H, is the geomagnetic field, H; is the magnetic field induced by the geomagnetic field,
H, is the SMFL field induced by corrosion damage, and H,; is the magnetic field induced by
corrosion expansion force. Compared with the magnetic field of the rebar before corrosion,
the change in the magnetic field after corrosion is due to the presence of the SMFL field
induced by corrosion damage and the magnetic field induced by corrosion expansion force.
Therefore, analyzing the expression of the magnetic field induced by corrosion damage
and corrosion expansion force is helpful in obtaining the magnetic field distribution of
reinforced concrete structures after corrosion.

_Demagnetization field

The rebar
before corrosion .

Therebar
after corrosion

Figure 6. The magnetic field of rebars before and after corrosion.

2.3.1. The Magnetic Field Induced by Corrosion

In practical engineering, the corrosion of rebars inside reinforced concrete members
is often dominated by patchy corrosion [30]. This type of corrosion is characterized by its
distribution over a wide area of the rebar surface, shallow corrosion depth, random distri-
bution of corrosion locations, and varying degrees of corrosion. Therefore, it is necessary to
explore a magnetic dipole model that considers multiple coupled defects. In addition to the
randomness of the positions and the number of corrosion defects, the complex shapes of the
defects directly affect the SMFL field on the material surface. Therefore, a two-dimensional
magnetic dipole model is adopted to study the behavior of the SMFL field of multiple
corrosion defects. The magnetic dipole model for multiple-shaped defects is illustrated
in Figure 7. In the figure, ps is the magnetic charge density, / represents the depth of the
curve, a represents the width of the bottom edge of the defect, b is the horizontal width of
the diagonal edge of the defect, and S is the horizontal spacing between defects.

y
+
: P(x,y) Hy
Corrosion area | | ,
\ r1 72 Hx
Ps Ds | hi : —‘ps )E’Z Ps Ih-’ X
)2 ) Ll I i/ 13
"b1aldi b s11 a ! a 55 j b3
Steel bar £ Q i @ 1

Figure 7. The magnetic dipole model for multiple shaped defects.
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The magnetic field at any point P(x, y) in space by the surface magnetic charge with
depth 1, width dz, and magnetic charge density ps is given by [31]

o | dHix | psds =
. psy/1+b3/h3dy ) x+nby/hy +ax +s1+2a; +2by
 2mpg[(x+nby Sy ay s 20120 )+ (y—n)] \ Yy — 7
pyd _ dHZx _ Pst -
dH, = { dHy, ] = " 2np r -
_ ps/1+02 /H2dy o x+taxts1—nbi/
2o (x+az+s1—nb1 /) *+(y-n)°] \ y—17
dﬁ . dH?)X _ psds 7 _ psdﬂ x+ﬂ2 (4)
37 | dHs, |~ 27per? 2 2 2\ y—1
Y Hor3 27‘[‘1/{0[(364-112) +W—n) }
- dH, psds - psdn X —ap
dH4—|:de:|——2T[ 21’4:— 2 2 o (5)
4y Hory 27Ty [(x —m) "+ (y—1n) } y—n
oy _ dHSx _ Psds -
dHs = [ dHSy } = 2o r ©
_ s/ 1+b3/i3dy | x—ax—s2+ nbs/h3
2mpo[(x—ap—sa+ybs /3 ) +(y—1)*] \ y—7
o | dHex | s
dHg = { dHéy } = " 2per? r )
_ ps/ 1103/ 13y . < X —ay—sy—2b3 —nbs/h3 >
2mmpug [ (x—ay—sy—2b3—bs /h3)*+(y—1)"] \ y—71

where i is the vacuum magnetic permeability,  is the distance between the magnetic
charge and point P, and the subscripts 1 to 6 refer to the different defective surfaces from
left to right. The subscripts 1 refers to the leftmost defect surface and the subscripts 6
refers to the rightmost defect surface. Magnetic components (Hy and Hy) can be obtained
according to Equation (8).

0 0 0
Hx(yo) = f*h1 dHlx(g) + f*h1 dHZx(%) + f*hz dH?’x(y) (8)
+ ffhz dH4x(y) + ffhs dHSx(y) + f7h3 dH6x(y)

2.3.2. The Magnetic Field Induced by Corrosion Expansion Force

The volume expansion of rebars caused by corrosion products after corrosion results
in tensile stress on the concrete cover layer. Before cracking, the concrete cover layer will
transmit radial compressive stress to the rebars’ corrosion products. Under the influence
of the geomagnetic field and corrosion expansion force, the magnetic field of the rebars
changes accordingly. For the ferromagnetic materials, the stress—magnetization effect is a
complex phenomenon. Assuming a constant external magnetic field and a constant temper-
ature environment, the magnetization state of ferromagnetic materials in the equilibrium
state of the magnetostriction effect can be expressed as

_ Hiotal o a
M = M; [Coth( p ) } )

Htotal

where M is the non-hysteretic magnetization, M; is the saturation magnetization of the
material, Hyy, is the equivalent field intensity, and a is the magnetization model parameter
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(A/m). Hyopy1, the equivalent field intensity experienced by the material under the action of
an external magnetic field and external loads, can be expressed as [32]

mel = HO +aM + Hg (10)

In the equation, « denotes the material parameter, reflecting the interaction between
magnetic domains; H,® denotes the equivalent field induced by the force-magnetic coupling
effect, which is related to the magnetostriction of the material. It can be expressed as

AWWD:(—&jMMZ (11)

where 0 is the stress and B is the parameter controlling the stress—-magnetization effect.
As is the material’s saturation magnetostriction coefficient. For isotropic ferromagnetic
materials, the magnetostatic energy density function caused by the magnetoelastic effect
can be expressed as

3
Ay = Ea/\ (12)
The magnetoelastic equivalent field can be expressed as the derivative of the mag-
netoelastic energy density function with respect to the magnetization intensity and its
calculation result is as follows:

1 dA;, 3o Bo\ AsM
Ho=—"0="{(1-£ 13
7 po dM Vo( US>Ms2 (13

So, the equivalent field intensity can be finally expressed as

30 o\ AsM
Hiotr = Ho + aM + m( - [Z) 1\5/12 (14)
S S

In the weak magnetization state, if the Langevin function coth(x) in Equation (9) is
replaced by the first-order approximation of its Taylor expansion, it can be simplified to

M= MSHtotal/(Ba) (15)

Substituting Equation (14) into Equation (15) leads to

3aM 30 Bo\ AsM
= H, 2122
0o+ aM—+ ( o ) M%

16
M. " (16)

Combining the above equations, the analytical expression for magnetization with
respect to stress and external magnetic field can be obtained in the weak magnetization state.

HoM?

Therefore, the magnetization intensity induced by the geomagnetic field and corrosion
expansion force can be obtained. By combining Equations (1), (8) and (17), the magnetic
field strength of corroded reinforced concrete structures can be calculated theoretically.

2.3.3. The Magnetic Field Induced by the Coupling Effect of Corrosion and Corrosion
Expansion Force

Based on the magneton theory, the magnetic charge density can be obtained as
ps = poM(c, Ho) (18)

The magnetic field intensity Hx and Hy at any position in space can be obtained by
combining Equations (8), (17) and (18). To investigate the effects of corrosion expansion
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force and corrosion degree on magnetization intensity, with defect parameters a; = 5, 10,
30 mm, b; = 10 mm, s; = 100 mm, #; = 10 mm, and z = 10 mm. Based on the study conducted
by Jin et al. [33] it was found that when the thickness of the protective layer (c) relative to
the diameter of the steel bar attains a ratio of 2.5, the structure experiences a maximum
corrosion expansion force of 3.62 MPa under uniform corrosion conditions. Conversely,
under non-uniform corrosion, the maximum rust expansion force escalates to 8.57 MPa.
So, the corrosion expansion stress is set from —8 MPa to 0 MPa and the external magnetic
field is set to 40 A/m. For ease of analyzing the effect of corrosion expansion force, the
calculation results are normalized to the peak value, as shown in Figures 8 and 9.

Hx/Hxmax
Hy/Hymax
=3

M-N
e W@

-0.5
-350-300-250-200-150-100 -50 0 50 100 150 200 250 300 350  -350-300-250-200-150-100 -50 0 50 100 150 200 250 300 350

X/mm X/mm
e _8MPa IMPa _6MPa _5MPa ——-8MPa—— -7MPa —— -6MPa —— -5MPa —— -4MPa
——-— -4MPa -3MPa -2MPa -1IMPa 0MPa —-3MPa——-2MPa——-1MPa —— 0MPa

Figure 8. The SMFL curves with stress, (a) The Hx curves with stress. (b) The Hy curves with stress.

12 1.2
—#— a(b);=Smm,h;=Imm 0 —=— a(b),=Smm,h;=Imm
L0 = a(b)=10mm,h=5mm ’ —=— a(b)=10mm,h=5mm
0.8 |—®— a(b);=30mm,h,=10mm T 08 —=— a(b);§30mm,h;=10mm
’ 0.6
0.6 0.4
0.4 0.2
= 00}
0.2 02L
0.0 -0.4
0.2 0.6
-0.8 -
04 10f (b)
_0.6 1 1 1 1 1 1 1 _1‘2 1 1 1 1 1 1 1
-600 -400 -200 0 200 400 600 -600 -400 -200 0 200 400 600

X/mm X/mm

Figure 9. The SMFL curves with corrosion degree, (a) The Hx curves with corrosion degree. (b) The
Hy curves with corrosion degree.

From the results, it is evident that the curves of the Hy, component exhibit peaks at the
defect position, while the curves of the H, component show positive and negative peaks
symmetrically around the center of the defect. Additionally, the magnetic field intensity
monotonically increases with the increase in stress and the corrosion degree. However, the
change in magnetic field intensity caused by corrosion expansion force is much smaller
compared to that caused by corrosion. To quantify the effects of both factors, the standard
deviation of the magnetic field intensity variation is extracted, as shown in Figure 10. At the
same level of corrosion, the standard deviation change caused by 5 MPa is 6.3%. In contrast,
the standard deviation variation from the first stage of corrosion to the second stage is 186%.
And from the first stage to the third stage, it is 833%. Therefore, corrosion expansion stress
does not significantly affect the qualitative diagnosis of rebar corrosion. When multiple
corrosion defects are presented, the overall corrosion diagnosis of the rebars cannot be
judged solely by the numerical values of individual peaks and troughs of the waveform.
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Therefore, it requires a comprehensive judgment based on the overall dispersion of the
magnetic curves.

0.31 0.3
® Hx —e— Hx
0.30 ® Hy —o— Hy
0.29
R 0.2
0.28 L
©“ 0.27 “
[
0.26 e 0.1
0.25 ‘\%\’\‘
-
0.24 @) .y ®
0.23 0.0 *
8 6 -4 2 0 : 1 > 3
oxx/MPa The stage of Corrosion

Figure 10. The standard deviation with the corrosion expansion force and corrosion degree. (a) The
standard deviation with the corrosion expansion force. (b) The standard deviation with the corro-
sion degree.

3. Results and Discussion
3.1. Results of Corrosion

At the end of the accelerated corrosion test, the reinforced concrete specimens were
broken to obtain the corroded rebars. Firstly, the concrete covering the rebars was removed.
Then, the rebars were immersed in a rust remover solution and subsequently neutralized in
aqueous Ca(OH); solution. After the rebars naturally dried, the appearance of the corroded
rebars was obtained, as shown in Figure 11. Most corrosion defects were mainly pitting
corrosion. Finally, the rebars were weighed to obtain their weight m, after corrosion.

Figure 11. The corrosion condition of the rebars.

The theoretical corrosion mass of the rebars can be calculated according to Faraday’s
first law, as shown in the following equation [34]:

_IxT M

mg = X " (19)

where the mass lost due to corrosion of metal is represented by m;. I is the average electric
current intensity. T represents the time of electrified corrosion. F represents the Faraday
constant whose value is 96,484 (C/mol). M represents the molar mass of iron, M = 55.487.
7 is the number of electrons consumed when an iron atom is converted to Fe?*, n = 2.
C is defined as the corrosion rate of internal rebars. It can be calculated based on the
corrosion mass of the rebars m;. "
t

C= (20)
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where my is the initial mass of the rebars in the specimen. mg = 7tr?pl. p is the density of
iron. [ is the length of the longitudinal rebar. The theoretical corrosion mass and average
corrosion rate of each specimen can be calculated using Equations (19) and (20). The actual
corrosion m; is obtained by subtracting the mass m, after corrosion from the initial mass
my of the rebars. m; and C are two primary indicators that are used to describe the degree
of corrosion.

The actual corrosion rates and theoretical corrosion rates calculated using Equation (20)
are shown in Table 2. From Table 2, it can be observed that there is some difference between
the actual corrosion rate and the theoretical corrosion rate. The main reason for the
difference is the inadequate anti-corrosion measures at the ends of the specimens, resulting
in corrosion of the rebars at the end sections. Additionally, differences in the passivation
film of the rebars also contribute to the discrepancy between the actual and theoretical
corrosion rates, leading to the actual corrosion rate being smaller than the theoretical
corrosion rate.

Table 2. The final actual corrosion rate for specimens.

Number I/A Current Density/uA-cm—2 Theoretical Corrosion Rate/% Actual Corrosion Rate/%
B22-2 0.2 1136.82 7.6 5.5
A32-1 0.2 1136.82 11.9 14.9
A12-2 0.2 1136.82 2.8 27
Al1-2 0.2 1515.76 5.0 5.5
A31-2 0.2 1515.76 13.8 10.6
A22-1 0.2 1136.82 10.1 10.7
A33-3 0.2 909.46 52 6.5
B32-3 0.2 1136.82 7.9 54
B12-1 0.2 1136.82 114 9.0

3.2. Analysis of SMFL Signals during the Corrosion Process of Specimens

To better analyze the changes in SMFL signals caused by corrosion, the SMFL signals
of the corroded specimens were subtracted from their initial SMFL signals. The results are
denoted as AB,, (tangential magnetic component) and AB; (normal magnetic component).
Since the trends of change for each specimen are similar, the A32-1 specimen and B32-3
specimen are selected as examples for analysis. The results are shown in Figures 12 and 13.
Figure 12 illustrates the changes in AB, and AB; curves for the A32-1 specimen at different
measurement heights, while Figure 13 shows the changes in AB, and AB; curves for the
B32-3 specimen at different measurement heights. From the figures, it can be observed that
the change in amplitude in both AB,, and AB; curves gradually decreases with increasing
measurement height. However, the AB, and AB; curves exhibit different distribution
patterns after corrosion. There are multiple troughs for the AB, curves, while the AB,
curves exhibit intersection points. Through analysis, this change in distribution pattern
is attributed to the presence of corrosion damage. The troughs in the AB, curves and
the intersection point in the AB; curves correspond to the severely corroded areas of the
rebars. This distribution trend is consistent with the theoretical analysis results. To verify
the accuracy of the results, the severely corroded areas from the AB, and AB, curves are
compared to the actual corrosion. It is found that the results obtained are consistent with the
actual corrosion locations. Additionally, only one severely corroded area can be identified
from the AB, curves, which have only one intersection point. Therefore, compared to the
AB; curves, the AB, curves can more accurately identify the severely corroded areas of
the rebars.
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ABy/mGs

ABZ/mGs

Figure 13. ABy and ABz curves of the B32-3 specimen after corrosion.

Figure 14 shows the ABy and AB; curves of the A32-1 specimen and B32-3 specimen
at a measurement height of 1 cm. It can be observed that the curve characteristics of
the specimens are similar. In the case of mild corrosion, the distribution pattern of the
ABy and AB; curve remains roughly unchanged, reflecting the weak impact of corrosion.
However, the amplitude of the curves becomes significant with the increase in corrosion
mass. Specifically, the amplitude and width of the peaks and troughs in the AB, curves
experience an increase: concurrently, the slope of the AB; curves becomes steeper and
the disparity between the positive and negative peaks widens. This suggests a direct and
substantial positive relationship between the escalation of corrosion and the alteration in the
intensity of the magnetic field signal. To further analyze the dispersion of the SMFL curves
and the variation in SMFL intensity with corrosion severity, the box plots of the SMFL
curves are obtained, as shown in Figure 15. The results show that the distribution range of
ABy and AB; increases gradually, as does the length of the box with increasing corrosion
mass, which represents the middle 50% of the data. Additionally, the mean absolute value
also increases with increasing corrosion mass. Overall, the change in the overall dispersion
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of the curves can be used as a basis for constructing quantitative indicators of the corrosion
severity of rebars inside concrete specimens.
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Figure 14. The ABy and ABz curves with different corrosion masses: (a) A32-1 specimen and (b) B32-

3 specimen.
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Figure 15. The box plots of ABy and ABz with different corrosion masses: (a) A32-1 specimen and
(b) B32-3 specimen.

3.3. Corrosion Degree Assessment of the Rebar Based on XGBoost Algorithm
3.3.1. The Magnetic Parameters of the Characterizing Corrosion Degree

Based on the above analysis, the gradient values can reflect the degree of corrosion
damage to some extent. The gradient values along a single scanning path reflect the damage
level of the entire specimen. Therefore, the integration is introduced from the mathematical
system in order to reflect the corrosion damage of the specimens under a certain corrosion
state. Integration can achieve the cumulative effect of a variable, which is exactly in line
with the need of this experiment. It is to accumulate the damage level of each measurement
position along the scanning path to represent the damage level of the component under this
corrosion state. Since the gradient values at each measurement point along each scanning
path are discrete, the absolute values of each gradient value are summed to achieve the
effect of integration along the scanning path. The parameters K, and K;, which represent
the integral of the absolute gradient values of the SMFL signal along the scanning path, are
defined, as shown in Equation (21).

Ky = Z|dABy

In the equation, AB, and AB; represent the tangential and normal SMFL signals,
respectively. The results obtained are shown in Figures 16 and 17. As can be seen from the

=) |dAB./dx]| (21)
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figures, the K, and K; of each specimen exhibit similar variations. With an increase in the
corrosion rate, the magnetic parameters K;, and K; show an approximately linear increase,
indicating a good positive correlation with the corrosion rate. As the intensity of the
measurement height intensifies, the slope of the curves depicted in the figures progressively
diminishes, approaching a more horizontal orientation. This also implies that a reduced
measurement height enhances the precision in detecting corrosion damage. Furthermore,
the magnetic parameters K, and K; exhibit similar slopes before and after rust expansion
and cracking. This suggests that these magnetic parameters can effectively represent the
overall corrosion rate of the rebars before and after rust expansion and cracking. On the
other hand, it also suggests that the corrosion expansion stress generated by the corrosion
products has a minimal effect on the magnetic parameters K, and K; in characterizing the
overall corrosion rate of the rebars. From the above, it can be concluded that the magnetic
parameters K and K can quantitatively characterize the corrosion degree of rebars inside
concrete under overall corrosion conditions.
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Figure 16. The changes in Ky with the corrosion rate.

The preceding analysis has shown that the measurement height has a significant
impact on the SMFL signal. In order to ensure a high level of accuracy when analyzing the
correlation between magnetic indicators and corrosion rate, only the SMFL quantification
indicators with a measurement height of 1cm will be analyzed in the subsequent analysis.
Figure 18 shows the relationship between the magnetic parameters Ky and K; and the
corrosion rate for representative specimens from different groups when the measurement
height is 1cm. From the figures, it can be observed that the slope of curves for two groups of
specimens is larger compared to the other groups. Apart from differences in diameter and
protective layer thickness, the main reason for this is that the magnitude of SMFL signal
change at adjacent positions is large when the corrosion of the steel bars is concentrated
locally. To weaken the influence, the initialization correction is applied, as shown in the

following equation
K K,
K, =LK, =2 (22)
Y KyO : Kzo
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Figure 17. The changes in K, with the corrosion rate.
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Figure 18. The changes in Ky, and K; with the corrosion rate when z = 1 cm, (a) The changes in Ky;
(b) The changes in K;.

In the equation, K,; and K;; represent the magnetic parameters obtained at the iy,
corrosion rate, while Kyo and Kz represent the initial magnetic parameters. The results
obtained are shown in Figure 19. Compared to Figure 18, the dispersion of the magnetic
parameters of specimens from different groups is reduced after the correction but there
is still some dispersion. The dispersion of K, and K, stems from factors such as the
dynamic magnetization intensity M during the experiment, differences in the protective
layer thickness, and the diameter of rebars. This dispersion phenomenon is reasonable and
also the reason for using machine learning algorithms in the subsequent analysis.
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Figure 19. The corrected changes in Ky, and K; with the corrosion rate when z = 1 cm, (a) The corrected
changes in Ky; (b) The corrected changes in K.

3.3.2. Assessment of the Rebar Corrosion Degree Based on Multiple Parameters

XGBoost is an ensemble learning algorithm based on decision trees. The basic compo-
nents of XGBoost are decision trees and there is a sequential relationship between these
decision trees [35]. Specifically, the prediction results of the previous tree are comprehen-
sively considered to more effectively adjust the distribution of training samples in the
construction process of subsequent decision trees. This process aims to correct any biases
that may exist in the previous decision tree so that the training samples that were previously
misclassified can receive more attention and weight in subsequent training. Therefore, each
decision tree can more accurately capture the complex relationships in the data based on
the adjusted sample distribution, further improving the overall performance of the model.
In addition, the generation of each decision tree is based on the entire dataset. Therefore,
the generation of each decision tree can be viewed as an independent and complete process.
This generation method based on the entire dataset helps each decision tree to fully utilize
the information in the data and play the greatest role in the model.

In the computational process of XGBoost, the objective function can be represented
. . . . A(t=1) -
as Equation (23) for a model with t iterations. Here, 'y ~ represents the prediction

result of the model after t — 1 rounds of iterations and f(x;) represents a new function
introduced in the current iteration. In addition, C represents the constant term in the
objective function, while Q)(f;) represents the regularization term of the regression tree,
whose specific expression is shown in Equation (24). In this regularization term, y and A
are hyperparameters used to control the number of leaf nodes and the weights of the leaf
nodes of the regression tree, respectively. T represents the total number of leaf nodes of the
regression tree and w; represents the weight of each leaf node [35].

n (t-1)
=YL )+ f)] Fa(m) +C 23)
i=1
1.& ,
Qfy) =T+ ;1) @} %)

j=1

During the gradient descent process in XGBoost, it is not necessary to specify the loss
function. Instead, optimization for leaf splitting is performed relying on the input data.
In XGBoost, each leaf node contains a certain number of samples. G; and H; are defined
in Equation (24) and Equation (25), respectively, representing the sum of the first- and
second-order derivatives of the samples contained in leaf node j. With the decision tree
structure fixed, the weight w; of each leaf node j can be solved, as shown in Equation (26).
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Then, the Taylor expansion of the objective function is performed to obtain the optimal
objective value of the objective function [35].

Gj = ;gj (25)

16]'
Hi=)Yh (26)

ielj
_ G o7
“i= _Hj+}\ ( )

2
oy S p (28)
N 2.2 H + A v

Before training the model, it is essential to determine the hyperparameters. Appropri-
ate hyperparameters can optimize and enhance the model’s performance. The hyperparam-
eters of XGBoost include the maximum tree depth, learning rate, number of base learners,
etc. To determine the best combination of all hyperparameter values, a grid search method
with an adaptive optimization search capability [36] is used to traverse all combinations of
candidate hyperparameters. Five-fold cross-validation is used to evaluate the performance
of each candidate parameter combination. In this paper, accuracy is used as the metric to
measure the performance of each hyperparameter combination. Since it is not feasible to
exhaust all possible values, a subset of candidate values is selected for each hyperparameter
and the final selection of the model’s hyperparameters is shown in Table 3.

Table 3. Hyperparameter in the model.

Max Tree Depth Learning Rate Number of Base Learners
4 0.96 40

Based on the above analysis, it is observed that the magnetic parameters of specimens
from different diameters and protective layer thickness exhibit variability. Therefore,
two magnetic parameters, along with the diameter of the rebars and the thickness of the
protective layer, are chosen as feature inputs. All 385 sets of experimental samples are used
as the model sample data. Among them, 80% are randomly selected as the training set
and the remaining 20% are used as the test set for predicting the corrosion rate, C, of the
rebars. An XGBoost model is used to analyze the corrosion rate C of the training set and
its corresponding feature values. The corresponding prediction model is established. The
trained prediction model is then used to predict the corrosion rate C for the test set.

Using the established XGBoost model, regression tests are conducted on 308 training
samples. Here, the results of 40 training samples are listed in Table 4 and shown in Figure 20.
From Table 4, it can be seen that the model exhibits good regression performance on the
training set samples. The goodness of fit (R?) on the training set is 0.99, the standard
deviation (SD) is 0.016, and the root mean square error (RMSE) is 0.025, demonstrating the
feasibility of this method.

In order to evaluate the importance and sensitivity of each input feature, the Shapley
Additive exPlanations (SHAP) values are introduced to assess the relationship between fea-
ture parameters and the final predicted results [37]. SHAP is a machine learning algorithm
used to explain model predictions. It provides a SHAP value for each feature, indicating the
contribution of that feature to the model prediction, and also shows the positive or negative
impact. The advantage of SHAP values is that they can provide intuitive explanations and
visualizations. The overall visualization of the feature parameters is performed, as shown
in Figure 21. Each row in the figure represents a feature value and the x-axis represents the
SHAP value. Each point represents a sample, where a redder color indicates a larger feature
value and a bluer color indicates a smaller feature value. It can be intuitively observed that
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K, and K; are two very important features; they are basically positively correlated with the
corrosion rate. That is, the higher the values of Ky and K, the higher the corrosion rate.
In addition, there is a weak correlation between the two other feature parameters and the
corrosion rate. The protective layer thickness is positively correlated with the corrosion rate,
while the rebar diameter is negatively correlated. Furthermore, the influence of variables
on the target value under the interaction of two variables is analyzed, including the SHAP
values and the original values, as shown in Figure 22. It can be seen that the trend of K,
and K; is monotonically increasing. Taking Figure 22a as an example for analysis, it can
be seen from the figure that when K; is smaller, the color of K, is mostly blue, indicating
that the value of K is relatively small at this time. When K| is larger, the color of K, is
basically red, indicating that the value of Ky is increasing. Therefore, it can be inferred
that the interaction coefficient between Ky and K; should be a positive value. Then, the
influence of each feature on the predicted value is randomly checked for one of the samples,
as shown in Figure 23. Red indicates that the contribution of the feature is positive, while
blue indicates that the contribution of the feature is negative. In the figure, the color bar of
the rebar diameter D is the shortest, indicating that this parameter contributes the least to
the prediction of corrosion. The color bar of the parameter K, is the longest, indicating that
this parameter contributes the most to the prediction of the corrosion.

Table 4. Partial training sample regression test results.

Number Actual Corrosion Predicted Number Actual Corrosion Predicted
Rate % Corrosion Rate % Rate % Corrosion Rate %
1 8.8 8.8 21 1.5 15
2 13.1 13.1 22 24 24
3 49 49 23 3.7 3.7
4 6.6 6.6 24 8.2 8.2
5 3.9 3.9 25 2.5 2.5
6 0.6 0.6 26 45 4.5
7 9.4 9.4 27 0.8 0.8
8 8.5 8.5 28 2.1 2.1
9 4.0 4.0 29 3.9 3.9
10 3.8 3.8 30 2.7 2.7
11 11.0 11.0 31 1.6 1.6
12 2.3 2.3 32 8.8 8.8
13 9.1 9.1 33 10.0 10.0
14 2.8 2.7 34 0.6 0.6
15 2.2 2.2 35 1.7 1.7
16 3.2 3.2 36 4.2 4.8
17 6.3 6.3 37 4.7 4.7
18 4.1 41 38 0.3 0.3
19 6.8 6.8 39 44 44
20 3.9 3.9 40 5.1 5.2

The established XGBoost model is used to predict the corrosion rate C of 48 test
samples and the prediction results are shown in Figure 24. From the figure, it can be seen
that the predicted results of the XGBoost model are close to the actual values. The mean
squared error (MSE) of the test set is 0.164, R? is 0.982, the standard deviation (SD) is 0.263,
and the root mean squared error (RMSE) is 0.405. The minimum absolute error between
the predicted and actual results is 0.11% and the maximum absolute error is 46.6%. The
average absolute percentage error is 8.33%, which is within 10%, indicating that the model
has high accuracy.
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4. Conclusions

Based on experimental and theoretical studies, the variation in the SMFL field of

reinforced concrete structures with the corrosion of rebars was analyzed and the following
conclusions can be drawn

1.

A magnetic dipole model coupling with a multi-defect is established and the influence
of the corrosion expansion force and corrosion degree on the SMFL signal is analyzed.
The results show that the standard deviation of the magnetic field intensity caused
by corrosion varied by up to 833%, while that caused by corrosion expansion force
did not exceed 10%. Therefore, the influence of the corrosion expansion force on the
detection of corrosion damage can be ignored;

Experimental results show that the trough positions of the ABy curves and the in-
tersection points of the ABz curves obtained at different measurement heights are in
good agreement with the positions of severe corrosion of the rebars. Compared to the
ABz, the severe corrosion area of rebars could be more accurately identified based on
the change in ABy curves;

The experimental results indicate that the SMFL curves of rebars in reinforced con-
crete change monotonically with the increase in the corrosion degree. Based on this
characteristic of change, the proposed quantification parameters K, and K; have a
good positive correlation with the corrosion degree of the rebars;

Based on the proposed magnetic parameters and the geometric parameters of the
specimens, the corrosion degree of the specimens can be accurately determined
according to the prediction model. The average absolute error of the prediction results
is 8.33%, which is within 10%. It is a useful prediction for the corrosion degree of
rebars in reinforced concrete structures.



Materials 2024, 17, 3421 21 of 22

Author Contributions: Conceptualization, Z.H.; Methodology, L.L., Z.H. and H.T.; Software, YK.;
Validation, B.L.; Investigation, B.O. and B.L.; Resources, Z.H.; Data curation, H.T. and Y.K.; Writing—
original draft, H.T. and Z.H.; Writing—review and editing, L.L.; Supervision, L.L.; Funding acquisi-
tion, L.L. All authors have read and agreed to the published version of the manuscript.

Funding: This study was supported by the National Natural Science Foundation of China (U20A20314,
52278146, 52278291, 52308301), the Chongqing Natural Science Foundation of China (cstc2020yszx-
jscxX0003), the Natural Science Foundation of Chongqing under Grant (CSTB2023NSCQ-LZX0062),
the Science and Technology Project of Guizhou Provincial Transportation Department (2020-123-017),
and the Research and Innovation Program for Graduate Students in Chongqing (CYB240246).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The data presented in this study are available from the first and
corresponding author upon request. The data are not publicly available due to the policy of the
data provider.

Conflicts of Interest: Author Hongsong Tian, Yujiang Kong, Bin Liu and Bin Ouyang were employed
by the company Guizhou Bridge Construction Group Co., Ltd. The remaining authors declare that
the research was conducted in the absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

References

1. DorMohammadi, H.; Pang, Q.; Murkute, P. Investigation of chloride-induced depassivation of iron in alkaline media by reactive
force field molecular dynamics. NP] Mater. Degrad. 2019, 3, 19. [CrossRef]

2. Fernandez, I.; Bairan, ].M.; Mari, A.R. Corrosion effects on the mechanical properties of reinforcing steel bars. Fatigue and o—¢
behavior. Constr. Build. Mater. 2015, 101, 772-783. [CrossRef]

3.  Balestra, C.; Lima, M.; Silva, A. Corrosion degree effect on nominal and effective strengths of naturally corroded reinforcement. J.
Mater. Civ. Eng. 2016, 28, 04016103. [CrossRef]

4. Lin, H.; Zhao, Y; Ozbolt, ]. Bond strength evaluation of corroded steel bars via the surface crack width induced by reinforcement
corrosion. Eng. Struct. 2017, 152, 506-522. [CrossRef]

5. Bezuidenhout, S.; van Zijl, G.P. Corrosion propagation in cracked reinforced concrete, toward determining residual service life.
Struct. Concr. 2019, 20, 2183-2193. [CrossRef]

6. Chen, H.; Nepal, J. Load bearing capacity reduction of concrete structures due to reinforcement corrosion. Struct. Eng. Mech.
2020, 75, 455-464.

7.  Braganca, M.; Portella, K.; Bonato, M. Electrochemical impedance behavior of mortar subjected to a sulfate environment—A
comparison with chloride exposure models. Constr. Build. Mater. 2014, 68, 650—-658. [CrossRef]

8. Zheng, Y,; Wen, Y,; Pan, T. Fractal characteristics and damage evaluation of corroded beams under four-point bending tests based
on acoustic emission techniques. Measurement 2022, 202, 111792. [CrossRef]

9. Feng,J,;LiJ.; Gao, K. Portable automatic detection system with infrared imaging for measuring steel wires corrosion damage.
Autom. Constr. 2023, 156, 105150. [CrossRef]

10. Liu, H.; Zhong, J.; Ding, F. Detection of early-stage rebar corrosion using a polarimetric ground penetrating radar system. Constr.
Build. Mater. 2022, 317, 125768. [CrossRef]

11. Zhang, H.; Ma, X,; Jiang, H. Grading Evaluation of Overall Corrosion Degree of Corroded RC Beams via SMFL Technique. Struct.
Control Health Monit. 2023, 2023, 6672823. [CrossRef]

12.  Qiu, J.; Zhang, H.; Zhou, J. An SMFL-based non-destructive quantification method for the localized corrosion cross-sectional area
of rebar. Corros. Sci. 2021, 192, 109793. [CrossRef]

13.  Tong, K.; Zhang, H.; Zhao, R. Investigation of SMFL monitoring technique for evaluating the load-bearingcapacity of RC bridges.
Eng. Struct. 2023, 293, 116667. [CrossRef]

14. Shi, P; Bai, P.; Chen, H. The magneto-elastoplastic coupling effect on the magnetic flux leakage signal. ]. Magn. Magn. Mater. 2020,
504, 166669. [CrossRef]

15.  Shi, P; Jin, K.; Zheng, X. A general nonlinear magnetomechanical model for ferromagnetic materials under a constant weak
magnetic field. J. Appl. Phys. 2016, 119, 145103. [CrossRef]

16. Hao, S.; Shi, P. Theoretical and analytical solutions of force magnetic coupling magnetic dipoles in magnetic memory detection. J.
Appl. Phys. 2021, 70, 105-114.

17.  Shi, P; Jin, K.; Zheng, X. A magnetomechanical model for the magnetic memory method. Int. J. Mech. Sci. 2017, 124, 229-241.
[CrossRef]

18.  Zhang, H.; Zhou, ].; Zhao, R. Experimental study on detection of rebar corrosion in concrete based on metal magnetic memory.

Int. J. Robot. Autom. 2017, 32, 530-537. [CrossRef]


https://doi.org/10.1038/s41529-019-0081-6
https://doi.org/10.1016/j.conbuildmat.2015.10.139
https://doi.org/10.1061/(ASCE)MT.1943-5533.0001599
https://doi.org/10.1016/j.engstruct.2017.08.051
https://doi.org/10.1002/suco.201800275
https://doi.org/10.1016/j.conbuildmat.2014.06.040
https://doi.org/10.1016/j.measurement.2022.111792
https://doi.org/10.1016/j.autcon.2023.105150
https://doi.org/10.1016/j.conbuildmat.2021.125768
https://doi.org/10.1155/2023/6672823
https://doi.org/10.1016/j.corsci.2021.109793
https://doi.org/10.1016/j.engstruct.2023.116667
https://doi.org/10.1016/j.jmmm.2020.166669
https://doi.org/10.1063/1.4945766
https://doi.org/10.1016/j.ijmecsci.2017.03.001
https://doi.org/10.2316/Journal.206.2017.5.206-5082

Materials 2024, 17, 3421 22 of 22

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Zhang, H.; Liao, L.; Zhao, R. The non-destructive test of steel corrosion in reinforced concrete bridges using a micro-magnetic
sensor. Sensors 2016, 16, 1439. [CrossRef]

Yang, M.; Zhang, H.; Zhou, ]. Magnetic memory detection of corroded reinforced concrete considering the influence of tensile
load. Int. J. Appl. Electrom. 2022, 68, 483-499. [CrossRef]

Zhang, H.; Liao, L.; Zhao, R. A new judging criterion for corrosion testing of reinforced concrete based on self-magnetic flux
leakage. Int. J. Appl. Electrom. 2017, 54, 123-130. [CrossRef]

Zhang, H.; Li, H.; Zhou, J. A multi-dimensional evaluation of wire breakage in bridge cable based on self-magnetic flux leakage
signals. J. Magn. Magn. Mater. 2023, 566, 170321. [CrossRef]

Qiu, J.; Zhang, W.; Jing, Y. Quantitative linear correlation between self-magnetic flux leakage field variation and corrosion
unevenness of corroded rebars. Measurement 2023, 218, 113173. [CrossRef]

Chen, L,; Liu, X; Lin, Y. Quantitative corrosion detection of reinforced concrete based on self-magnetic flux leakage and rust spot
area. Eng. Res. Express. 2022, 4, 035063. [CrossRef]

Yang, M.; Zhou, J.; Zhao, Q. Quantitative detection of corroded reinforced concrete of different sizes based on SMFL. KSCE J. Civ.
Eng. 2022, 26, 143-154. [CrossRef]

Qiu, J.; Zhou, ].; Zhao, S. Statistical quantitative evaluation of bending strength of corroded RC beams via SMFL technique. Eng.
Struct. 2020, 209, 110168. [CrossRef]

Zhang, H; Qi, J.; Zheng, Y. Characterization and grading assessment of rebar corrosion in loaded RC beams via SMFL technology.
Constr. Build. Mater. 2024, 411, 134484. [CrossRef]

MOHURD of the People’s Republic of China. Code for Design of Concrete Structures (GB 50010-2010); China Architecture & Building
Press: Beijing, China, 2010.

Zeng, Y.; Gu, X.; Zhang, W. Exploration of accelerated corrosion methods for steel bars in concrete. Struct. Eng. 2009, 25, 101-105.
Liu, X.; Miao, S. Corrosion of steel bars in concrete structures and its durability calculation. J. Civ. Eng. 1990, 4, 69-78.

Shi, P. Several analytical solutions for the magnetic dipole model of defect leakage magnetic field. China Acad. J. Electron. Publ.
House 2015, 3, 1-7.

Shi, P.; Hao, S. Analytical solution of magneto-mechanical magnetic dipole model for metal magnetic memory method. Acta Phys.
Sin. 2021, 70, 034101. [CrossRef]

Jin, B.; Sun, N.; Fang, Q. Research on non-uniform rust expansion force of steel bars in concrete components. J. Sol. Mec. 2022, 4,
456-466.

Qiu, J.; Zhang, H.; Zhou, J. Experimental analysis of the correlation between bending strength and SMFL of corroded RC beams.
Constr. Build. Mater. 2019, 214, 594-605. [CrossRef]

Sagi, O.; Rokach, L. Approximating XGBoost with an interpretable decision tree. Inf. Sci. 2021, 572, 522-542. [CrossRef]

Chen, T.; Guestrin, C. XGBoost: A Scalable Tree Boosting System. In Proceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining, San Francisco, CA, USA, 13-17 August 2016; Association for Computing
Machinery: New York, NY, USA, 2016; pp. 785-794.

Feng, D.; Wang, W.; Mangalathu, S. Interpretable XGBoost-SHAP machine-learning model for shear strength prediction of squat
RC walls. J. Struct. Eng. 2021, 147, 04021173. [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.


https://doi.org/10.3390/s16091439
https://doi.org/10.3233/JAE-210172
https://doi.org/10.3233/JAE-160122
https://doi.org/10.1016/j.jmmm.2022.170321
https://doi.org/10.1016/j.measurement.2023.113173
https://doi.org/10.1088/2631-8695/ac94b5
https://doi.org/10.1007/s12205-021-2026-1
https://doi.org/10.1016/j.engstruct.2020.110168
https://doi.org/10.1016/j.conbuildmat.2023.134484
https://doi.org/10.7498/aps.70.20200937
https://doi.org/10.1016/j.conbuildmat.2019.04.120
https://doi.org/10.1016/j.ins.2021.05.055
https://doi.org/10.1061/(ASCE)ST.1943-541X.0003115

	Introduction 
	Materials and Methods 
	Materials Preparation 
	Materials for Concrete Specimens 
	Corrosive Materials for Specimens 

	The Methods for Testing 
	The Corrosion Method of Specimens 
	The Collection Method of the SMFL Signal on Corroded Specimens 

	Theory Background of Testing 
	The Magnetic Field Induced by Corrosion 
	The Magnetic Field Induced by Corrosion Expansion Force 
	The Magnetic Field Induced by the Coupling Effect of Corrosion and Corrosion Expansion Force 


	Results and Discussion 
	Results of Corrosion 
	Analysis of SMFL Signals during the Corrosion Process of Specimens 
	Corrosion Degree Assessment of the Rebar Based on XGBoost Algorithm 
	The Magnetic Parameters of the Characterizing Corrosion Degree 
	Assessment of the Rebar Corrosion Degree Based on Multiple Parameters 


	Conclusions 
	References

