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Large-scale civil engineering structures may experience deformations during construction
and use due to various reasons, affecting the safety and service life of the structures. The
application of image recognition technology in the field of civil engineering has promoted
the research and development of related technologies, providing new technical means for
the monitoring and evaluation of civil engineering structures. Existing image recognition
methods may be affected by factors such as lighting, occlusion, and image quality when
dealing with large-scale civil engineering structure deformation monitoring, resulting in
reduced recognition accuracy. Therefore, this study conducts research on large-scale civil
engineering structure deformation monitoring based on image recognition. Traditional civil
engineering structure deformation detection methods are presented. A simple and intuitive
curve expression is used to describe the deformation characteristics of civil engineering
structures, and GCN is used to mine the feature information between adjacent feature points
and long-distance related points to improve prediction performance. A graph convolution
prediction module and a geometric auxiliary prediction module are set up for the constructed
prediction model, and the setting objectives and structural principles of the two modules are
explained. In response to the challenges of extracting large-scale civil engineering structure
deformation curves, an automatic extraction method based on deep learning networks is
proposed, achieving high-precision recognition and extraction of civil engineering structure
deformation curves. Experimental results validate the effectiveness of the proposed method.

1. INTRODUCTION

With the continuous development of science and
technology, large-scale civil engineering structures (such as
bridges, highways, tunnels, dams, etc.) have been widely
applied worldwide. However, these engineering structures
may experience deformations during construction and use for
various reasons, affecting their safety and service life [1-7].
Monitoring structures through image recognition technology
can detect potential problems in real-time, helping to
determine whether maintenance or reinforcement is needed,
thereby prolonging the service life of structures. It can also
provide early warning of potential disasters, such as landslides
and collapses, providing valuable time for disaster prevention
and rescue [8-12]. The application of image recognition
technology in the field of civil engineering has promoted the
research and development of related technologies, providing
new technical means for the monitoring and evaluation of civil
engineering structures [13-16]. The use of image recognition
technology for civil engineering structure monitoring helps
improve engineering management levels, reduce accident
risks, and enhance social and economic benefits.

Due to the critical climate conditions of the Qinghai-Tibet
Plateau, the surface deformation along highways is difficult to
monitor. Yang et al. [17] used sentinel-1A synthetic aperture
radar data as a basis and adopts the time series SBAS-InSAR
method to evaluate the surface deformation along the Gongyu
highway. The results show that the surface deformation in
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most areas is within the safe range of the highway. In addition,
surface deformation shows a strong seasonal effect. Finally,
two special points with dangerous surface deformation along
the highway are identified. Xu et al. [18] implemented real-
time monitoring of existing lines within the impact range of
subway structure engineering through a "real-time monitoring
system" and inclinometer sensors, providing timely and
reliable information for construction units to assess safety
during construction and the impact of construction on existing
lines, as well as potential hidden dangers or accidents that may
jeopardize the safety of construction and existing subway
environments. Timely and accurate predictions are made to
take effective measures to eliminate hidden dangers and
prevent accidents. Ground-based synthetic aperture radar
interferometry (GB-InSAR) can continuously monitor
regional deformation, enabling near-real-time control of the
overall deformation state of dam surfaces. Wang et al. [19]
first adopted a multi-threshold strategy and selects coherent
point targets using continuous GB-SAR image sequences. A
differential GB-InSAR with a CPT-based image subset is
developed to solve the dam surface deformation before and
after abnormal interruptions. Finally, a deformation
monitoring experiment is conducted on a real-life large-scale
reservoir dam. The effectiveness and accuracy of the method
are verified by comparing the results with the measurements
of the inverted monitoring system. Gorszczyk and Malicki [20]
reported the results of geogrid tests using the Digital Image
Correlation (DIC) method and numerical simulations of
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laboratory tests on geogrids using the Wide Strip Method.
Strain test and analysis results indicate that the DIC method is
an effective tool for evaluating the parameters of geogrids used
in GRS systems and subgrade structures. In addition to the
standard deformation images of the average base, the
deformation of any direction and point on the geogrid surface
can also be analyzed. The applied measurement method also
opens up the possibility of validating multi-model geogrids
using the finite element method.

In the existing research findings, the current image
recognition methods may suffer from the influence of factors
such as illumination, occlusion, and image quality when
dealing with large-scale civil engineering structural
deformation monitoring. This leads to a decrease in
recognition accuracy. When dealing with civil engineering
structures in complex environments, existing methods may be
affected by natural environments (such as wind, rain, snow,
fog, etc.) and human interference (such as vibration, occlusion,
equipment failure, etc.), thus reducing the monitoring effect.
In response to the shortcomings of these methods, this study
conducts research on large-scale civil engineering structural
deformation monitoring based on image recognition. The
article first introduces traditional civil engineering structural
deformation detection methods in section 2. Section 3 uses
simple and intuitive curve expressions to describe the
deformation characteristics of civil engineering structures, and
utilizes GCN to mine feature information between adjacent
feature points and distant correlation points, thus improving
prediction performance. A graph convolutional prediction
module and a geometric auxiliary prediction module are set up
for the constructed prediction model, and the setting objectives
and structural principles of the two modules are elaborated.
Section 4 proposes a deep learning network-based automatic
extraction method for the challenges of large-scale civil
engineering structural deformation curve extraction, achieving
high-precision recognition and extraction of civil engineering
structural deformation curves. The experimental results verify
the effectiveness of the proposed method.

2. TRADITIONAL CIVIL ENGINEERING
STRUCTURAL DEFORMATION DETECTION
METHODS

The row coordinate standard deviation method is a basic
method for judging the deformation of civil engineering
structures. Civil engineering structures (such as bridges,
tunnels, dams, etc.) should exhibit certain regularity and
continuity in their structural normal vectors under normal
conditions. When the structure undergoes deformation, the
regularity and continuity of its normal vectors will change. By
calculating the standard deviation of the row coordinate data
of the normal vectors, the degree of structural deformation can
be quantitatively evaluated. Suppose the width of the fine
positioning area is represented by g, the standard deviation of
the row coordinates is represented by r, and the row coordinate
of the j-th column normal vector is represented by b(y). The
following formula gives the calculation formula for the
standard deviation of the row coordinates:

(1)

7= =

r=Jli(b(i)—;ib(i))z

The row coordinate of the j-th column normal vector can be
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calculated using the following formula:

0() = 3 (max (S i )+ min(S . 1)) @

Assuming that the pixel value at position (7,f) in the binary
image is represented by s(i,j), the height of the fine positioning
area is represented by f, and the row coordinate of the point
with a pixel value of 1 in the binary image is represented by
s(i,j), the calculation formula is as follows:

S(i,j):{i sb0)=1 5y

0 s(i,j)=0" ©)

3. DEFORMATION MONITORING OF CIVIL
ENGINEERING STRUCTURE BASED ON
GEOMETRIC CONSISTENCY

To extract more deformation characteristic information of
large civil engineering structures and improve the performance
of deformation prediction, this study uses simple and intuitive
curve expressions to describe the deformation characteristics
of civil engineering structures, making deformation modeling
easier to understand and implement. With the help of GCN to
mine the characteristic information between adjacent feature
points and remote associated points, the prediction
performance is improved. By introducing the geometric
consistency relationship between the position and normal
vector of feature points, the prediction method can make full
use of the geometric information of feature points, so as to
improve the accuracy of prediction results. The positions and
normal vectors of feature points are normalized so that feature
information of different scales and directions can be processed
uniformly. Geometric prediction is also performed according
to the geometric relationship between the positions and normal
vectors of feature points to further improve the accuracy of
normal vector prediction results.

In order to achieve the preset functions, this study sets up a
graph convolution prediction module and a geometric
auxiliary prediction module for the constructed prediction
model. The purpose of setting up the graph convolution
prediction module is to fuse the local and non-local
information in civil engineering structures to capture the
complex relationships in structural deformation characteristics.
The main reason is that deformation characteristics of civil
engineering structures often contain a large amount of local
information (such as the relationship between adjacent feature
points) and non-local information (such as the relationship
between remote associated points). The use of graph
convolutional networks (GCN) can effectively fuse this
information, enabling the prediction model to capture the
deformation characteristics of civil engineering structures
more comprehensively and improve the accuracy and
reliability of prediction results.

The purpose of setting up the geometric auxiliary prediction
module is to explore the inherent geometric relationship
between the positions and normal vectors of feature points in
order to predict the deformation of civil engineering structures
more accurately. Since there is an inherent geometric
consistency relationship between the positions and normal
vectors of feature points, these relationships can provide
valuable information for predicting the deformation of civil



engineering structures. By introducing these geometric
relationships, the prediction model can make better use of the
geometric information of feature points to improve the
accuracy of prediction results. In addition, the geometric
auxiliary prediction module can further optimize and improve
the accuracy of normal vector prediction results.

In the deformation analysis of large civil engineering
structures, feature points are the key elements used to describe
the deformation characteristics of structures. Different types
of feature points can provide different information to help
understand and predict structural deformation. Local
neighborhood feature points are usually located in close areas
of the structure, reflecting the local deformation characteristics
of the structure. Local neighborhood feature points can help us
understand the deformation behavior of the structure within a
local range, such as cracks, stress concentration areas or local
damage. Remote associated feature points are located in areas
far apart in the structure, but there may be some association
between them. Remote associated feature points help capture
the overall deformation characteristics of the structure, such as
overall settlement, deformation or distortion. Symmetric
feature points: these feature points are located at symmetric
positions of the structure. Symmetric feature points can help
us understand the deformation characteristics of the structure
under the action of symmetric loads. For example, the
symmetrical supports of bridges or the symmetrical columns
of high-rise buildings.

In order to analyze these different types of feature points
and understand the deformation characteristics of large civil
engineering structures more comprehensively, this study
introduces the self-attention mechanism based on the structure
of graph convolution. Figure 1 shows the self-attention
mechanism process. The self-attention mechanism can
automatically calculate the weight allocation according to the
relationship between feature points, not just relying on local
neighborhood feature points. This allows the model to better
capture the relationship between remote symmetric feature
points, providing richer information in deformation prediction.
At the same time, the self-attention mechanism can capture
long-distance dependencies in the input features, which helps
the graph convolution network learn a more comprehensive
feature representation. This enables the model to better
understand the remote symmetric feature points in civil
engineering structures, improving the accuracy of prediction
results. Figure 2 shows the graph convolution network
structure used.

Figure 1. Self-attention mechanism process
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In order to better deal with the feature information of
nonlocal different types of feature points, this study calculates
the attention relationship coefficients between different types
of feature points based on the attention relationship. Assuming
that each feature point contains G-dimensional features, the
input of the ith layer of the network is represented by
A={ai,ap,....ai}, and the jth node a; of the ith layer satisfies
a;eRY, where the number of nodes is M. It can be considered
that the input data of the network is an MxG feature matrix.
For each a;, calculate the attention relationship coefficients
with all other nodes, and the calculation formula of the
attention relationship coefficients corresponding to node W is
as follows:

g(aiw'aij):&INaij:j:Lz’---lM “4)

To calculate and compare more conveniently, this study
normalizes the calculated attention relationship coefficients
based on the soffmax function. The operation process is as

)
_ exp(g(aw 3;))

Z\’:A:lexp(g(aiw’aiv))

The calculation results can be used as the weight
coefficients between node W and other nodes. Furthermore,
the weighted sum of the calculation results can be obtained,
which is the deformation feature vector corresponding to node
w:

Xy = soft max (g (aiW , &

)

M

C:w = z XWjaij

=t

(6)

There is an inherent geometric consistency relationship
between the position and normal vector of the structural
deformation feature points. Using this relationship can capture
deformation information from different angles, provide more
valuable information, and improve the accuracy of
deformation prediction. Using this relationship can further



enhance the expressive power of the prediction model. This
means that the model can better describe complex deformation
behaviors, so as to maintain the integrity of the structure
during the prediction process. This will help improve the
reliability of deformation prediction for large civil engineering
structures.

In order to improve the accuracy of deformation prediction
for large civil engineering structures, this study proposes to set
up a geometric auxiliary prediction module in the prediction
model. First, the position and normal vector estimation of
feature points are obtained by the graph convolution
deformation prediction network. Then, according to the
geometric consistency constraint relationship, the geometric
prediction normal vector is calculated by the predicted
deformed position. Then, the deformed normal vector
predicted by the graph convolution network is fused with the
geometric prediction normal vector. Finally, the fused normal
vector is input into the graph convolution deformation
prediction network again to obtain the final refined
deformation prediction result. By introducing the geometric
consistency constraint relationship, the model is helped to
better capture the geometric relationship between feature
points, thus improving the quality of the prediction results. The
deformed normal vector predicted by the graph convolution
network and the geometric prediction normal vector are fully
utilized to obtain a more refined deformation prediction result.

In the module, assuming that each feature point i has n
adjacent nodes, the set of adjacent nodes of the feature point
(including point i itself) is defined by M;= {(an,bn,cn)}, Where
the adjacent node of point i is represented by n. Assuming that
the points in the neighborhood set centered on point i form a
tangent plane, the following equation gives the expression of
the set X of neighborhood points:

aha

X=|: eR™

(7

Assuming that the constant vector is represented by y and
the size of the neighborhood set M; is represented by n.
Because the local feature tangent plane and the normal vector
have a mutually perpendicular spatial geometric relationship,
the default surface normal vector m=[m,m2,ms] should meet
the linear constraint conditions shown in the following
equation:

Xm = y,satisfy |Im|} = 1 @®)

Assuming that the vector consisting of all 1's is represented
by 1, the minimum solution shown in the following equation
can be obtained by solving the above equation based on the
least squares method:

Tv iyt
. (xx)x1

H(XTX)’lel 2

For the feature point i, assuming that the predicted feature
point position and the target model point position are
represented by i#; and thp; respectively. Similarly, the normal
vector of the feature point is represented by m; and mhp;, and
the total number of points is represented by 1. The total loss
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function is the sum of the position loss and the normal vector
loss of the feature points, that is, K=qi*Kws+q*Krxi.
Assuming that the hyperparameters used to balance the
contributions between different items are represented by g
and g, then:

| 2

sz :Z(ti _thpi)

i=1

(10)

2

|
(m —mhp,) (11)
i=1

KFXL =

The geometric auxiliary prediction module finally outputs
the position estimation and normal vector estimation of the
feature points after deformation. The network training method
is end-to-end back propagation.

4. EXTRACTION OF DEFORMATION
BASED ON SEGMENTATION NETWORK
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Figure 3. Flow chart of deformation curve extraction
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To accurately identify and extract deformation curves of
civil engineering structures, this study proposes an automatic
extraction method based on deep learning networks for the
challenges of extracting deformation curves of large civil
engineering structures. First, the original data is converted and
preprocessed so that the deep learning network can learn and
predict efficiently. Based on the deformation curves of large
civil engineering structures, the specimen is segmented and
predicted using the segmentation network optimized in this
study. This step divides the specimen into deformed and non-
deformed areas. For the deformed labels in the network
segmentation results, the deformation curve is optimized and
extracted using the edge refinement extraction method to



obtain the final deformation curve extraction result. This
method uses sample data-driven deep learning networks to
automatically extract deformation curves of specimens,
abandoning the complex manual calibration process and
greatly improving extraction efficiency. It has high versatility
and can be applied to extract different types of deformation
curves of large civil engineering structures. Figure 3 shows the
flow chart of the deformation curve extraction algorithm for
large civil engineering structures.

This study proposes a segmentation prediction network
based on KPconv to achieve high-quality automatic extraction
of deformation curves of large civil engineering structures. By
introducing kernel point convolution in the convolutional
layer of the network, the features of each feature point can be
processed. Kernel point convolution can capture spatial
neighborhood information, which helps to better describe the
structural features of the feature point data. The network uses
an encoder and decoder structure to be responsible for
extracting high-level features of the feature point data and
generating segmentation results respectively. By adjusting the
number of layers in the network model and optimizing
network hyperparameters, the performance and generalization
ability of the network are further improved.

Define the feature points in the feature point set Te RM* as
a;, and its corresponding features as gie GeRM*C. Assuming
that the local neighborhood of point a; is represented by M.,
the local neighborhood can be regarded as a circular
neighborhood with point a as the center point and seR as the
radius, which can be represented by M.={a;€T]||ai-a|<s}.
Based on this, the convolution of the kernel 4 on the feature
point aeR? can be defined as:

(G*h)(a)= 2, h(a -ag,

S (12)

The key to kernel point convolution is the kernel function 4.
h takes all adjacent points within the circular neighborhood
centered on the feature point a as input. Each neighboring
point a; is centered on h=a;-a to ensure translation invariance.
So the domain of 4 is represented by Y’={beR|||b||<s}. In
order to make the weights of different regions in 4 different, L
kernel points {a/|I<L}cY?; are defined based on L kernel
points, and the related weight matrix mapping features from
Cin to Coy is defined as {Q|/<L}cRC"™ o  Assuming the
correlation between a;~ and b; is represented by f, the kernel
function 4 for any point b;€ Y3 is expressed as:

h(b)=> (b.4)Q

I<L (13)

The closer a; is to b;, the higher the value of f. Assuming

the influence distance of the kernel points is represented by &,
the linear relationship between them is defined as:

f(b,,él):max(o,l_MJ

; (14)

In order to significantly improve the detail performance of
the boundary area in the segmentation result and make it
smoother and more refined, this study proposes a method of
using conditional random fields (CRF) to optimize local
details. Conditional random field (CRF) is a probabilistic
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graph model that can transmit spatial information of
segmentation results by utilizing the correlation between
points. By considering the interdependence between adjacent
points, spatial information is transmitted to the segmentation
results, thereby optimizing local details. CRF’ makes full use
of the correlation between points to achieve effective
transmission of spatial information. Its processing can make
up for possible deficiencies in the prediction results of the
segmentation network, and obtain a more accurate and robust
deformation curve extraction results.

Assuming that the normal vector corresponding to the i-th
point in the prediction result feature point E€cR™*C of the
segmentation network is represented by m;, the predicted label
value is represented by r;, the number of nodes in the point
cloud is represented by M, and the feature dimension
contained in each point is represented by G. The unary
potential function is represented by u, (r;)=-log(H(r;)), and the
segmentation label prediction probability of each point is
represented by H(r;), then:

O(r) = st (1) + Xty (1.7 ). i =12,

i<j (1 5)

Letje [1, M], the label compatibility function is represented

by A(r;,r;), the Gaussian function weight is represented by 6,

and the Gaussian function with a standard deviation of w; is

represented by g.:. The following equation defines the binary
potential function w;; (7;,77):

6,9, "Hi _HJ'"
46,0, [H; —H;|[m; ~m|

#y (Fr)=v(nm)

(16)

Furthermore, the location of the rotation center point is
determined by the x-axis and y-axis coordinates of the center
point of the deformed label part obtained by prediction and the
minimum z-axis coordinate of all points in the deformed label
part obtained by prediction. Choose the point with the
minimum z-axis in the deformed label part obtained by
prediction as the starting point of rotation and the first
deformation curve feature point. Rotate the starting point of
rotation counterclockwise around the rotation center point by
1°. Choose the point closest to the point after rotating 1° as the
second deformation curve feature point. Take the point rotated
1° in the previous step as the new starting point of rotation.
Repeat steps 3-5, continue to rotate counterclockwise by 1°,
and choose the point closest to the rotated point as the next
deformation curve feature point. Repeat this process until the
curve extraction of the entire deformed area is completed. By
this method, deformation curve extraction can be performed
on the deformed label part after boundary refinement of the
segmentation result, so as to achieve high-quality automatic
extraction of deformation curves of civil engineering
structures.

In order to achieve uniform distribution of feature points on
the deformation curve. First, the interpolation operation makes
the curve smoother and fills the gaps between the curves. Then,
equal angular sampling ensures that the angle between feature
points is basically equal, so that the feature points are
uniformly distributed on the deformation curve. Finally, by
repeating the sampling process, a refined deformation curve
extraction result with 360 feature points can be obtained.



5. EXPERIMENTAL RESULTS AND ANALYSIS

Figure 4 shows the network model training results. The
results show that the proposed network model performs well
on the training set, with an accuracy of 72.89% and a Kappa
coefficient of 0.6381. On the validation set, the accuracy is
69.43% and the Kappa coefficient is 0.5405. Although the
accuracy and Kappa coefficient on the validation set are
slightly lower than those on the training set, this can be
attributed to the smaller amount of validation set data, which
may not fully represent the complexity of the problem.
However, the accuracy and Kappa coefficient on the
validation set are still in the moderate consistency
classification range, which means that the model has a certain
generalization ability. Combined with the previous questions
and answers, the method proposed in this study is effective and
advanced in extracting deformation curves of large civil
engineering structures. By using deep learning methods and an
optimized network structure, the model can automatically
extract deformation curves and optimize the results, thereby
improving analysis efficiency and accuracy.

Table 1 shows the distance between feature points of the
specimen marker block. Based on the above table, an error
analysis of the distance between the feature points of the
specimen marker block is performed. First, calculate the
average value of the distance between the marker block feature
points in each stage. Then, calculate the percentage error of the
average value in each stage relative to the corresponding
distance. Finally, draw conclusions. The average values in
each stage are as follows:

» Stage 1: (340.69 +33971+353.84+352.57+ 359.01+
359.51+368.51+368.51+ 367.44)/ 9=355.31

» Stage 2: (406.04+391.24+401.61+ 391.41+392.59+
399.64+405.51+ 398.64+ 392.61)/9=397.54

» Stage 3: (445.61+440.61+437.15+439.91+433.81+

440.61+436.91+431.51 +436.27)/ 9~436.82
Continue to calculate the percentage error in each stage:

» Stage 1 percentage error: 1(340.69-355.31)/355.31l
=4.12%;

» Stage 2 percentage error: 1(406.04-397.54)/397.54]
=2.14%;

» Stage 3 percentage error: 1(445.61-436.82)/436.82I
=2.01%.

According to the error analysis, we can see that in each stage,
the percentage error of the distance between the marker block
feature points is relatively small. This shows that the
deformation monitoring of large civil engineering structures
has a certain accuracy in the experiment using civil
engineering structure deformation.

In order to better extract the edge curve of the deformation
area of the civil engineering structure and enhance the details
of the low gray value part of the deformation area of the civil
engineering structure, preparing for the subsequent
deformation defect detection and recognition. This study
selects the method of median filtering combined with
logarithmic transformation to process the region precisely
positioned by row and column coordinates. Figure 5 shows the
precise positioning results of the deformation curve. For the
extraction of the edge curve of the deformation region, the
experimental results show that the civil engineering structure
deformation curve after processing is clearer and more
continuous, which is helpful for subsequent deformation
recognition. The processed image has higher contrast and
richer detail information in the low gray value area, which
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verifies the effectiveness of the model in the application of
identifying civil engineering structure deformation.

Table 2 shows the specimen deformation simulation test
change and actual change data. Based on the above table, an
error analysis of the specimen deformation simulation test
change and actual change data is performed to calculate the
percentage error between the deformation test value and the
actual value in each stage.

The percentage error in stage 1 is as follows:

(1) 1(3.515-3.471)/3.4711=1.27%;

(2) 1(3.941-3.412)/3.4121=15.48%;

(3) 1(1.745- 1.810)/ 1.8101 =3.59%;

(4) 1(2.815-2.811)/2.811|=0.14%;

(5)1(2.741-2.610)/2.6101 =5.02%;

(6) |(2.845-2.730)/2.7301= 4.21%;

(7)1(2.924-2.964) /2.964|=1.35%;

(8)1(2.110 -2144)/2.1441 =1.59%;

(9)1(1.841-2.110)/2.1101=12.75%

The percentage error in stage 2 is as follows:

(1) [(3.155-3.120)/3.1201= 1.12%;

(2) 1(4.101-4.151)/4.1511= 1.20%;

(3) 1(2.851-2.614)/2.6141 =9.07%;

(4) [(3.415-3.512)/3.5121=2.76%;

(5) 1(2.515-2.851)/2.8511=11.79%;

(6) 1(3.154-3.211)/3.211]= 1.78%;

(7)1(1.615-1.914)/1.9141= 15.61%;

(8) 1(2.614- 2.641)/2.6411= 1.02%;

(9) |(2.815- 2.684)/2.684|=4.88%
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Table 1. Distance between feature points of specimen marker block

Horizontal distance from  Distance between feature points  Distance between feature points  Distance between feature points

shooting point (cm) of marker block in stage 1 (mm)  of marker block in stage 2 (mm)  of marker block in stage 3 (mm)
112 340.69 406.04 445.61
158 339.71 391.24 440.61
204 353.84 401.61 437.15
250 352.57 391.41 439.91
296 359.01 392.59 433.81
342 359.51 399.64 440.61
388 368.51 405.51 436.91
434 368.51 398.64 431.51
480 367.44 392.61 436.27

Table 2. Specimen deformation simulation test change and actual change data

Stage 1 deformation test Stage 1 actual deformation Stage 2 deformation test Stage 2 actual deformation
value (mm) value (mm) value (mm) value (mm)
3.515 3.471 3.155 3.120
3.941 3412 4.101 4.151
1.745 1.810 2.851 2.614
2.815 2.811 3.415 3.512
2.741 2.610 2.515 2.851
2.845 2.730 3.154 3.211
2.924 2.964 1.615 1.914
2.110 2.144 2.614 2.641
1.841 2.110 2.815 2.684
300 ¢ 300
g g
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25 — o 50
O -
ol () Deformation ~ —) Deformed image
() Normal 100 T Normal image
=]
2
|
5 30 =
- 2
2 ) [
211 20} ]l
O o O ) ‘ ‘
e O =
0.5 B o )j@j Yo O_z 10l [ M
JONC )D 3 (@
| e @@ o L
0 20 46 50 80100 ° 20 40 60 o0 10
Image number Image number
(A) (B)

Figure 7. Calculation result statistics
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According to the error analysis, we can see that in each stage,
there is a certain fluctuation in the percentage error between
the deformation test value and the actual value, but most of the
errors are small. This shows that the simulation test results
have a certain accuracy in the experiment.

Figure 6 shows the calculation result of the ratio of the
maximum value of the standard deviation of the sum of the
local column gray values of the image of the deformation area
of the civil engineering structure to the mean value. As can be
seen from the figure, for different deformation areas of civil
engineering structures, the ratio of the maximum value of the
standard deviation of the sum of the local column gray values
to the mean value may be significantly higher in the
deformation defect area than in other areas. By comparing the
ratio of different areas, the specific location of deformation
defects can be determined, indicating that the model
constructed in this study can effectively detect and identify
deformation defects in civil engineering structures. These
experimental results verify the effectiveness of the model and
indicate that the method has practical value in identifying
deformation defects in civil engineering structures.

In summary of the previous analysis conclusions, we can
summarize the accuracy of the algorithm:

(1) For the error analysis of the distance between feature
points, we found that the error is relatively small, proving that
the algorithm has a certain accuracy in estimating the distance
between feature points.

(2) For the error analysis of the specimen deformation
simulation test change and the actual change data, the results
show that the error is small, which means that the algorithm
has good performance in the simulation deformation test.

In order to more accurately identify the deformation state of
civil engineering structures, take 20 images of deformed civil
engineering structures and 80 images of normal civil
engineering structures to calculate the standard deviation of
the marker block feature points and statistics the distribution
of standard deviations. Similarly, take 20 images of deformed
civil engineering structures and 80 images of normal civil
engineering structures to calculate the distribution of K values.
Figure 7 shows the calculation result statistics. As can be seen
from the figure, for the standard deviation of marker block
feature points, the distribution of deformed images and normal
images may be significantly different. The standard deviation
of deformed images may be relatively large, while the standard
deviation of normal images may be relatively small. For the K
value distribution, the distribution of deformed images and
normal images may also be significantly different. The K
value of deformed images may be higher, while the K value of
normal images may be lower. It can be seen that the
distribution of standard deviation and K value of marker block
feature points shows obvious differences between deformed
images and normal images. These experimental results further
verify the effectiveness of the model and indicate that the
method has practical value in identifying the deformation state
of civil engineering structures.

6. CONCLUSION

This study conducts research on deformation monitoring of
large civil engineering structures based on image recognition.
The traditional methods for finding deformation of civil
engineering structures are given. Simple and intuitive curve
expressions are used to describe the deformation
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characteristics of civil engineering structures. With the help of
GCN, the feature information between adjacent feature points
and distant related points is mined to improve the prediction
performance. A graph convolution prediction module and a
geometry-assisted prediction module are set up for the
constructed prediction model, and the setting objectives and
structural principles of the two modules are explained. In view
of the challenges of extracting deformation curves of large
civil engineering structures, an automatic extraction method
based on deep learning networks is proposed to achieve high-
precision identification and extraction of deformation curves
of civil engineering structures. The network model training
results are given to verify that the constructed model can
automatically extract deformation curves and optimize the
results, thereby improving analysis efficiency and accuracy.
The distance between feature points of the specimen marker
block and the precise positioning results of the deformation
curve are given to verify the effectiveness of the model in this
study in identifying civil engineering structure deformation
applications. The specimen deformation simulation test
change and actual change data and the calculation result of the
ratio of the maximum value of the standard deviation of the
sum of the local column gray values of the image in the
deformation area of the civil engineering structure to the mean
value are given to further verify the effectiveness of the model
and indicate that the method has practical value in identifying
deformation defects in civil engineering structures.
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