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Prediction and Analysis of Durability
Monitoring Data of High-Piled Wharf Based on
GABP Neural Network Method

Hongbiao Liu, Zhixiang Wang, Huifang Liu*, Lei Zhang, Shuging Ye and Pengrui Zhu

Abstract--A durability monitoring system based on anode
ladder sensors was deployed for the durability monitoring of
high-piled wharf structures in Tianjin Port of China, and
4-years continuous monitoring data was collected. According to
the analysis of monitoring data with the Pearson correlation
coefficient, a strong correlation between the voltage and current
values of anodes A1-A6 is proposed. Based on the monitoring
data, the voltage and current values of anodes A1-A6 are
predicted using the backpropagation (BP) neural network
method, the particle swarm optimization-based BP method and
the genetic algorithm-optimized BP method (GABP). The
comparative analysis shows that the GABP method has the
highest prediction accuracy, and the coefficient of determination
(R3for the voltage and current predictions of anodes A1-A6 all
exceed 0.80. This study provides a new approach for analyzing
the durability monitoring data of coastal high-piled wharves.

Index Terms—anode ladder, high-piled wharf, neural
network, Pearson correlation, durability monitoring

. INTRODUCTION

T HE high-piled wharves of coastal port are crucial
infrastructures for maritime transport and trade. The
durability of concrete structures of wharves is a significant
problem due to the long-term exposure to complex marine
environments. Research indicates that the durability primarily
depends on the concrete structural resistance to chloride ion
penetration. Chloride ions gradually diffuse through the pores
of the concrete surface to the surface of the reinforcement
steel. Once chloride ions reach a certain concentration, the
passive film on the steel surface will be destroyed, which
causes the steel from a passive state to an active state, and
resulting in depassivation or corrosion [1,2]. The process of
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steel from a passive state to an active state actually involves
the formation of a macrocell corrosion system, where the
active corroding areas (anodes) and the passive or slower
corroding areas (cathodes) are connected electrically [3].
Measuring certain electrochemical parameters using sensors
is often necessary to determine the specific corrosion
conditions of steel reinforcement in concrete. Especially, one
of the important methods for exploring steel corrosion in
concrete is the corrosion current measurement.

Raupach and Schiessl [4] developed an anode ladder
sensor system in 1986 and first applied it to actual engineering
in 1990. This system was used to monitor the durability of
concrete structures through macro-current systems, providing
a new method for investigating reinforced concrete durability.
By monitoring the transmission location of chloride ions with
the anode-ladder system, Raupach and Schiefl [5] can
determine the time when the reinforcement steel begins
corrosion, and. the preventive measures can be taken before
the concrete cracks and spalling. Chen et al. [6,7] used an
embedded anode-ladder sensor to assess the corrosion risk of
steel reinforcement in chloride environments based on the
macro-current between the anode and cathode. Wang et al.
and Li et al. [8,9] conducted monitoring research on the
Sutong Bridge using the anode-ladder system, and corrected
the functional relationship between corrosion mass loss after
concrete cracking and macro-current by alternating wet—dry
cycling tests. He et al. [10] evaluated the corrosion state of the
reinforcement steel by monitoring data of the embedded
anode-ladder system and using the half-cell potential method,
and the relationship between electrochemical parameters and
steel corrosion state was established. Based on the monitoring
data, Liu et al. [11] found that the resistance of concrete is
correlative with environmental temperature, and the current
values of the anode-ladder sensor were influenced by
temperature. Sun et al. [12] designed concrete test blocks
based on actual engineering, and the anode-ladder system was
deployed in the blocks. After several months of accelerated
corrosion testing, the significant correlation between the
potential of each anode rod and the depth of chloride ion
penetration was found.

However, the durability monitoring of reinforcement
concrete structures by the anode-ladder is a long-term process,
and a large amount of monitoring data will be collected.
Research indicates that the current values are often used to
determine whether the anodes are in a de-passivated or
corroded state. However, the current values can be influenced
by related factors such as temperature and humidity, leading
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to misjudgments when assessing the anode rod state [13-15].
Therefore, in order to reduce the misjudgment and make full
use of monitoring data, this study employs Pearson
correlation coefficients to analyze the correlation of the
monitoring data collected from the anode-ladder and identify
the main influence factors of the voltage and current values of
the anode rods. Then, the nonlinear mapping and self-learning
capabilities of neural networks were used to predict the
voltage and current values of the anode ladder. A comparison
of the prediction results of different models reveals that the
GABP model has high predictive accuracy, and it has
significant value in determining whether the anode rods are in
de-passivated or corroded state.

Il. ENGINEERING BACKGROUND

A. Anode Ladder Sensor Setup

A high-piled wharf is located in the Tianjin Port of China,
which is used to handle bulk cargo. The wharf structure is
designed for a 300,000 ton (DWT) bulk carrier. The total

length and width of the wharf are 390m and 75m, respectively.

The wharf comprises one main wharf platform and two lateral
approach bridges, with the main platform measuring 390m in
length and each approach bridge measuring 73.3 m. The main
wharf platform is divided into nine structural segments, each
65m long, which is further subdivided into a front platform
and a rear platform. The width of the front platform is 36.5 m,
and the rear platform is slightly wider at 38.5m. In the front
platform section, each structural segment is composed of 17
frames, with each frame containing 9 steel pipe piles,
including 4 fork piles and 5 vertical piles. In the rear platform
section, each frame consists of nine prestressed reinforced
concrete square piles, each size 650 %650 mm?. The design
load distribution of the wharf is segmented; starting from the
front edge of the wharf, a uniform load of 30 kPa is applied
within the first 18.5 m, followed by a load of 50 kPa for the
next 18 m (from 18.5 mto 36.5 m), and a load of 80 kPa from
36.5 m to the end of the wharf (75 m). Additionally, the wharf
is equipped with a structural health monitoring system
installed on the second structural segment. The specific layout
of the durability sensors on the wharf is illustrated in Fig.1.

B. Sensor-related information

During its initial establishment, the German-manufactured
anode ladder sensor (produced by Sensortec GmbH in 2016)
was employed in the wharf for monitoring structural
durability. This system consisted of several key components:
the anode ladder embedded in the concrete, external testing
interfaces, and specialized data acquisition equipment. The
anode ladder sensor comprised multiple components,
including anode rods, a cathode, a reference electrode, a steel
rod for reinforcement connection(CR), and a temperature
probe (PT1000). The anode ladder consisted of six anodes
made of carbon steel, labeled A1-A6. These anode rods were
embedded at varying depths within the concrete cover by
adjusting the tilt angle of the brackets. The specific
installation method and side view are displayed in Fig. 2. The
basic monitoring principle was as follows: The onset of
corrosion for each could be monitored by arranging

electrodes at different depths on the concrete surface. The
extent of chloride ion diffusion in the concrete could be
accurately determined by measuring key parameters such as
the potential, current, resistance, and temperature of the
anodes at varying depths. The initiation time of steel
corrosion could be further predicted based on the monitoring
data [16-18].

38460

&
“5;

\
\
W

\
\

I

\

|

|

FE AR
\

\ ! 1 Elevationnm \

\\ \

\ ' Dimension:mm

L

Fig. 1 Cross section of the South 27# Wharf

concrete outer surface
! concrete

cabletie  reference electrode APl tie  cp Lreinforcement

reinforcement-connection

cathgde bar concrete

© reinforcement § insulation tube }

cable tie

concrete inner surface
(a) Side view of anode ladder

(b) Installation of anode ladder

Fig. 2. Anode ladder sensor

C. Long-term monitoring data

After the completion of the main structure of the wharf at
Tianjin Port, data col-lection using the anode ladder sensors
was commenced. The construction of this wharf project began
in early 2016 and was completed by 2017. Subsequently, data
collection from the anode ladder sensors officially started in
January 2018 and continued for 4 years, during which data on
40 different parameters were collected. The recorded
parameters were as follows: the voltage values of the anode
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rods relative to the cathode, reference electrode, and internal
steel reinforcement, as well as current values relative to the
cathode and internal steel reinforcement, along with
environmental temperature values, as illustrated in Fig.3. This
study focused on the predictive analysis of the voltage and
current values for anodes A1-A6. Specific data are detailed in
Table | and Fig.4. The durability monitoring data collected
were standardized and stored in the health monitoring system
and operation platform, enabling automated display and
analysis, thus providing strong data support for the operation

and maintenance management of wharf.
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and the cathode could be considered as the threshold for the
anode to be in an active state. However, these thresholds may
be higher in humid environments, such as marine
conditions[5,15]. This finding aided in determining the active
state of the anode and predicting the critical depth at which
steel corrosion might occur.

The ASTM C876-09 standard [19] provides another
method for assessing the corrosion state of reinforcement
steel, known as the half-cell potential method. This method
measures the half-cell potential of the steel reinforcement
related to the concrete surface using a copper—copper sulfate
half-cell on the wet concrete surface. According to the
standard, if the half-cell potential is below —0.35V, the
corrosion probability of reinforcing steel is more than 90%. If
the half-cell potential is positive or falls between —0.35V and
—0.2V, the results cannot definitively determine the corrosion
state of the steel. When the half-cell potential is between —0.2
V and 0 V, the probability of steel corrosion is less than 10%,
as detailed in Table II.

TABLE II
CORROSION PROBABILITY OF REINFORCING STEEL

Half-cell potential (V) More negative  —-0.35Vto  More positive
i than 0.35 V -0.2V than -0.20 V
D. Evaluation methods Corrosion probability of > 90% Uncertain <10%
The laboratory test results indicated that when the anode steel in one area
was short-circuited with the cathode in dry concrete for 5s, a
voltage of 150mV or a current of 15 pA between the anode
TABLE |
VOLTAGE AND CURRENT VALUES COLLECTED USING THE ANODE LADDER SENSOR
No. Name Description No. Name Description No. Name Description
Voltage between Al and Voltage between Al and Voltage between Al and
1 u1 7 ul’ 3 U1” ) _
cathode reference electrode reinforcement connection
Voltage between A2 and Voltage between A2 and Voltage between A2 and
2 u2 8 U2’ 14 U2 . .
cathode reference electrode reinforcement connection
Voltage between A3 and Voltage between A3 and Voltage between A3 and
3 U3 9 U3’ 15 u3” . .
cathode reference electrode reinforcement connection
U/mv
Voltage between A4 and Voltage between A4 and Voltage between A4 and
4 U4 10 U4’ 16 u4” . .
cathode reference electrode reinforcement connection
Voltage between A5 and Voltage between A5 and Voltage between A5 and
5 us 11 us’ 17 us” . .
cathode reference electrode reinforcement connection
Voltage between A6 and Voltage between A6 and Voltage between A6 and
6 U6 12 U6’ 18 ue6” . .
cathode reference electrode reinforcement connection
Current between Al and Voltage between Al and
1 11 7 11’ . .
cathode reinforcement connection
Current between A2 and ) Voltage between A2 and
2 12 cathode 8 2 reinforcement connection
Current between A3 and ) Voltage between A3 and
3 13 cathode 9 B3 reinforcement connection
T/pA
H Current between A4 and ) Voltage between A4 and
4 14 cathode 10 1 reinforcement connection
Current between A5 and Voltage between A5 and
5 15 11 15 . .
cathode reinforcement connection
Current between A6 and ) Voltage between A6 and
6 16 cathode 12 16 reinforcement connection
TIC? Concrete temperature value (PT1000)
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Fig. 4. Anode ladder collecting raw data
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I1l. PREDICTION METHODOLOGY

The prediction method of anode ladder voltage and current
value based on the GABP neural network mainly included the
following three parts:

(1) Pearson correlation coefficient was used to calculate
the original data and determine the correlation between
various factors.

(2) While constructing the GABP neural network model,
a genetic algorithm was used to optimize the global search
ability, and the optimal weights and thresholds were obtained
through continuous iterative optimization. This improved the
generalization performance and learning speed of the model.

(3) Regardless of the voltage and current values of the
anode rods A1-AG6 relative to the cathode or the voltage and
current values relative to the steel bar were positively
correlated, which conformed to the correlation law of voltage
and current in physics and also verified the reliability of the
monitoring data of the anode-ladder sensor.

A. Correlation analysis of monitoring data

Specific values for voltages U1-U6, currents 11-16,
voltages U1-U6’, voltages U1""-U6"", currents 11—16", and
ambient temperature T could be obtained over a continuous
period of 4 years based on the monitoring data shown in Table
| for the anode ladder. The correlations between these factors
were analyzed using the Pearson correlation coefficient
[shown in Eq. (1)] to identify the main factors influencing the
variations in anode rod voltage and current values.

3 (X))

]

r = (1)
Z(Xi-X)Z(yi-yf

where r represents the correlation coefficient, xi and vy
denote the actual values of the respective factors, x and x
represent the mean values of these factors, and n indicates the
number of data points. Fig.5 illustrates the correlation
coefficients between anode voltage and current values and
other factors. The value of r ranges from 0 to 1; if r>0, a

positive correlation exists between the two variables, whereas
if r <0, a negative correlation exists. The greater the absolute

value of r, the stronger the correlation. If r =0, no linear

correlation exists between the two. Generally, a correlation
coefficient of 0.0~0.2 indicates no correlation or very weak
correlation, 0.2~0.4 indicates weak correlation, 0.4~0.6
indicates moderate correlation, 0.6~0.8 indicates strong
correlation, and 0.8~1.0 indicates very strong correlation
[20-22].

The results of monitoring data calculated using the Pearson
correlation coefficient are shown in Fig.5, leading to the
following conclusions:

(1) The calculated correlation coefficients between the
anode voltage values U1-U6 and current values 11-16 were
all more than 0.85, indicating a very strong correlation
between the variables.

(2) The graph in Fig.5f shows that despite no significant
potential difference between the anode rods A1-A6 and the

cathode or reference electrode, the correlation coefficients
between the anode voltage values U1-U6 and the reference
electrode voltage values Ul -U6" were all more than 0.7,
indicating a strong correlation.

(3) Both the voltage and current values of the anode rods
Al1-A6 relative to the cathode and the voltage and current
values relative to the reinforcing bars were positively
correlated, consistent with the physical relationship between
voltage and current. This also verified the reliability of the
monitoring data from the anode ladder sensors.

B. Backpropagation neural network

The monitoring dataset used in this study for the anode
ladder exhibited nonlinear characteristics, and the BP neural
network demonstrated excellent performance in predicting
such datasets, having matured significantly in the field of
machine learning. Therefore, this study selected the BP neural
network method to predict the voltage and current values of
the anode ladder [23].

The backpropagation (BP) neural network consisted of an
input layer, hidden layers, and an output layer, with each layer
containing multiple neurons. The number of these neurons
was determined based on empirical formulas. This network
model possessed the ability to approximate any function,
allowing it to learn nonlinear relation-ships and exhibit a
certain level of generalization capability. During its training
process, the BP algorithm was employed to continually adjust
the weights w and thresh-olds 6 within the network to
minimize the loss function, thereby ensuring that the
network's output closely approximated the true values. The
algorithmic process is de-tailed as follows [24-26].

1) Normalization of raw data

Before conducting calculations, the raw data must be
normalized to facilitate sub-sequent data processing and
increase the convergence speed of the program. The formula
for data normalization is given by:

{ Xi' ‘min

X=(Y o Ymm>me - +Y, )
where Ymax and Ymin are defined as fixed upper and lower
bounds, respectively, which were chosen in this study to be [0,
1]; Xmax and Xmin represent the maximum and minimum
values from original data, respectively, and Xmin < X'< Xmax.

2) Activation function selection and parameter tuning
Common activation functions used in artificial neural
networks include Sigmoid, Tanh, and ReLU. After
preliminary calculations, this study ultimately selected the
Sigmoid function as the activation function. The selection of
the number of neurons is a complex issue; this study
employed the empirical formula (3) to determine the number

of neurons.
N=y/n+m+a 3)
where n represents the number of input units, m denotes the
number of output neurons, and a is a constant between [1, 10].
In this study, the number of input units was 5, the number of
output neurons was 1, and a was set to 5. The flowchart of the
BP neural network is illustrated in Fig.6.

C. GABP neural network
However, the BP neural networks use the gradient descent
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method to adjust weights and thresholds and hence are prone 1.0
to getting stuck in local optima. GABP is an improved neural U4 / / ’ 0.15 ’ -0.19 0.80
network model that combines the advantages of genetic 0. 60
algorithms and BP neural networks. In the GABP model, the 1 / / ' 0.0079 ’ ‘ 010
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IV. RESULTS AND ANALYSIS

A. Voltage and current value prediction verification

The voltage and current values of the anode rods were
predicted based on the conclusions drawn from the
aforementioned analysis and the established model. When
predicting the voltage value U1 of anode rod Al, the current
value I1, voltage value U1’, voltage value U1"’, current value
I1°, and ambient temperature T were used as input variables.
From the 56 samples of the original data, 80% were selected
as the training set and the remaining 20% as the testing set
[30,31]. The other five related factors were similarly selected
as input variables for predicting the current value 11 of anode
rod Al. Predictions were conducted using the BP neural
network, particle swarm optimization BP neural network, and
genetic algorithm—optimized BP neural network models to
better assess the model's effectiveness and optimization
results. A comparative analysis of the predicted results was
performed. The predicted voltage and current values for
anode rod A1l are presented in Table III and Fig.8.

Based on the aforementioned prediction results, the error
analysis of the model was conducted using the calculated
results of the root mean square error (RMSE), mean absolute
error (MAE), coefficient of determination (R5, and mean
square relative error (MSRE). RMSE and MAE are
commonly used to measure the difference be-tween predicted
values and actual measurements. R=2assesses the goodness of
fit of the model, with results closer to 1 indicating a better fit.
MSRE reflects the model's performance in predicting relative
errors. The calculation formulas are shown in Egs. (4) to (7):

1& ~
RMSE=,/HZ(yi v, (4)

n

1 ~

MAE=—3 [y,-y| )
zn:(yi 'gli)2

R?=1-4 (6)

i(yi ';'i)2

)

where y; represents the actual recorded values of voltage
and current for the i measurement of the anode rod Al, ¥;
denotes the predicted values for the i voltage and current, ¥;
indicates the average actual recorded values of all test
samples, and n is the total number of predicted values for
voltage and current.

Equations (4)~(7) were used for error calculation and
analysis. The prediction results of the three methods are
presented in Table IV. The comparison of error values is
shown in Fig.9. Table IV shows that the R? for predicted
voltage values of the GABP model was 14% higher than that
of the BP neural network model and 5% higher than that of the
PSO-BP neural network model. For the current values, the R2
of the GABP model was 21% higher than that of the BP neural

Volume 33, Issue 8, August 2025, Pages 2896-2906



Engineering Letters

TABLE 11
SUMMARY OF MODEL PREDICTIONS
BP predicted value PSO-BP predicted value
Voltage value  Current value  Voltage value  Current value

Anode rod Al true value
Voltage value  Current value

GABP predicted value
Voltage value  Current value

1 —493.00 -11.7 -340.13 -10.74 -369.83 -8.71 —447.81 -11.67
2 46.40 2.2 37.01 1.59 12.34 3.22 23.69 2.62
3 —349.30 -7.8 —185.78 -10.14 —256.22 -5.73 -338.25 -7.85
4 135.20 4.9 100.96 7.23 112.90 6.15 147.32 4.85
5 170.90 5.9 133.00 8.47 142.56 6.89 185.33 5.52
6 207.30 6 141.69 10.38 148.24 7.79 210.49 6.13
7 161.10 3 95.02 5.04 98.93 5.04 122.23 3.73
8 157.80 2.6 93.72 4.31 97.69 4.54 114.38 3.35
9 152.30 5.7 135.22 4,55 109.43 5.13 167.12 4,54
10 104.50 5 59.28 7.04 81.47 6.35 54.38 4.86
11 134.70 6 61.83 10.06 132.58 8.09 101.15 6.97
12 109.90 3.9 76.31 4.86 67.40 5.21 86.05 4.17
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Fig. 9. Error of the predicted values of the three models

TABLE IV
SUMMARY OF ERRORS IN MODEL PREDICTIONS
Model RMSE MAE R? MSRE
Voltage value Current value Voltage value Current value Voltage value Current value Voltage value Current value
BP 78.72 2.38 63.54 2.10 0.86 0.81 1.76 111
PSO-BP 58.77 1.74 49.40 1.62 0.92 0.90 131 0.81
GABP 30.10 0.56 26.11 0.42 0.97 0.98 0.67 0.26
TABLE V
A2-A6 ERROR CALCULATION SUMMARY TABLE
No RMSE MAE R? MSRE
" Voltage value Current value Voltage value Current value Voltage value Current value Voltage value Current value
A2 20.65 0.46 17.35 0.40 0.90 0.92 0.33 0.16
A3 11.95 0.53 10.34 0.45 0.82 0.90 0.16 0.20
A4 13.59 0.34 11.15 0.22 0.86 0.94 0.13 0.10
A5 13.25 0.35 10.38 0.31 0.84 0.92 0.14 0.11
A6 12.35 0.34 10.47 0.29 0.88 0.85 0.13 0.12

network model and 9% higher than that of the PSO-BP neural
network model. Therefore, the prediction performance of the
GABP method significantly outperformed the performance of
other methods, further validating the feasibility and
effectiveness of the prediction approach.

B. Model generalization verification

The prediction method was applied to the monitoring data
of the anode rod Al to predict the actual voltage and current
values of anode rods A2—A6 so as to verify the generalization
performance of the GABP model. Subsequently, error
analysis was conducted using RMSE, MAE, R?, and MSRE.
The specific results are presented in Table V.

The error analysis of the voltage and current prediction
results for anode rods A2-A6 in Table V shows that the R?

values were all more than 0.80. This indicated that the GABP
model possessed high prediction accuracy and also reflected
the model’s practicality and generalization performance.

V. CONCLUSION

Currently, there are few related research on the durability
of coastal wharf structures, and there is still a significant
amount of space for processing and studying monitoring data.
Based on an anode-ladder sensor monitoring system deployed
at a high-piled wharf in Tianjin Port, the long-term durability
monitoring of the high-piled wharf is achieved, and also
accumulating relevant monitoring experience on high-piled
wharf. According to 4-years continuous monitoring, 40
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parameters related to the anode rods were collected, including
current, voltage, resistance, and ambient temperature. The
conclusions drawn from this study is shown as follows:

(1) Correlation analysis of the anode-ladder monitoring
data using the Pearson correlation coefficient indicated a
strong correlation between the voltage and current values of
anode rods A1-A6 relative to the cathode. Additionally, a
strong correlation existed between the voltage and current
values relative to the reference electrode.

(2) Prediction analyses of the voltage and current values
for anode rods A1-A6 using the BP neural network, PSO-BP
prediction method, and GABP prediction method showed that
the GABP method had the best prediction performance. The
R? values for the predicted voltage and current values of
anode rods A1-A6 are all more than 0.80, indicating high
prediction accuracy, and further demonstrating the
practicality and generalization ability of the GABP method.
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