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Abstract：To overcome the limitations of low efficiency and 
reliance on manual processes in the measurement of geomet‐
ric parameters for bridge prefabricated components， a 
method based on deep learning and computer vision is devel‐
oped to identify the geometric parameters.  The study uti‐
lizes a common precast element for highway bridges as the 
research subject.  First， edge feature points of the bridge 
component section are extracted from images of the precast 
component cross‐sections by combining the Canny operator 
with mathematical morphology.  Subsequently， a deep learn‐
ing model is developed to identify the geometric parameters 
of the precast components using the extracted edge coordi‐
nates from the images as input and the predefined control pa‐
rameters of the bridge section as output.  A dataset is gener‐
ated by varying the control parameters and noise levels for 
model training.  Finally， field measurements are conducted 
to validate the accuracy of the developed method.  The re‐
sults indicate that the developed method effectively identi‐
fies the geometric parameters of bridge precast components， 
with an error rate maintained within 5%.
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Precast bridges have become a prominent choice in 
modern bridge construction owing to their batch pre‐

fabrication， superior construction quality， and rapid as‐
sembly［1］.  The geometric dimensions of the sections 
serve as key indicators for evaluating the quality of pre‐
cast components［2］.  The accuracy in understanding the 
geometric features of precast components substantially af‐
fects the overall quality of bridge construction［3］.

Currently， total stations and steel rulers are the main 
instruments for measuring the geometric dimensions of 
precast bridge components.  However， this method is 
highly dependent on personal expertise and is inefficient.  
Most approaches struggle to achieve the certified accu‐
racy required for the large‐scale production of precast 
bridge components［4］.  Since the late 1990s， machine vi‐
sion has been applied both locally and globally to accu‐
rately measure the geometric dimensions of target struc‐
tures［5‐6］.  Convolutional neural networks （CNNs）， rec‐
ognized for their exceptional ability to extract and ana‐
lyze intricate image characteristics， have rapidly ad‐
vanced in recent years as one of the prominent deep learn‐
ing methodologies.  Consequently， CNNs have been ex‐
tensively researched and widely applied in measuring 
structural displacement and detecting surface dam‐
age［7‐8］.  Ni et al.［9］ enhanced an existing dataset of ob‐
servable imperfections in concrete fractures using deep 
convolutional generative adversarial networks.  They uti‐
lized the You Only Look Once version 5 small （YO‐
LOv5s） network for segmentation and successfully ex‐
tracted the crack dimensions， which include length and 
breadth.  After the enhancement of the dataset， the net‐
work model demonstrated improvements in both the aver‐
age intersection ratio and average accuracy.  Wang et 
al.  ［10］ developed a deep learning‐based technique for au‐
tomatically detecting and locating spherical nodes.  Vari‐
ous CNN models were used to identify spherical spatial 
structures.  The machine vision principle was applied to 
perform image matching and 3D reconstruction of these 
structures.  This approach facilitated the measurement of 
node displacement and reduced the complexity of image 
processing.  Dang et al.［11］ utilized the YOLOv5 model 
to identify the precise location of isolation bearings.  The 
approach involved enlarging the target frame， extracting 
and identifying image features， accurately re‐locating the 
target， and determining the dynamic displacement of the 
isolation bearing.

Building on previous research， this study presents a 
novel method for identifying the geometric parameters of 
precast box girder sections using deep learning and com‐
puter vision.  The study focuses on a typical precast box 
girder produced by a highway concrete component pre‐
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fabrication center.  The research methodology involves 
three key steps： （1） dataset generation， （2） deep artifi‐
cial neural network training， and （3） evaluation of 
cross‐section identification accuracy.  The findings of 
this study offer valuable technical support for the intelli‐
gent identification of geometric parameters of bridge pre‐
cast components.
1　Overview of Background Theories

1. 1　Edge detection differential operator

Edges in an image represent a collection of pixels 
where the surrounding pixel values exhibit a sudden 
change， typically between the foreground and back‐
ground.  The shape characteristics of edges serve as a cru‐
cial foundation for image analysis［12‐13］.  A common ap‐
proach to edge detection involves analyzing changes in 
pixel values within a specific pixel and its surrounding 
neighborhood.  This approach often involves differentiat‐
ing the image to determine pixel value changes and then 
identifying points with statistically significant variation 
（p < 0. 05） to locate the image edges.  Common differen‐
tial edge detection operators include Sobel， Roberts， Pre‐
witt， Laplacian， and Canny.  The Sobel algorithm is ef‐
fective for edge detection and provides strong noise sup‐
pression but is particularly sensitive to diagonal edges.  
The Roberts algorithm is simple and fast but is sensitive 
to noise.  The Prewitt algorithm handles noise better than 
Roberts but is less responsive to diagonal edges com‐
pared with Sobel.  The Laplacian algorithm can capture 
fine details but is also sensitive to noise.  The Canny algo‐
rithm offers high accuracy and good noise suppression， 
but the algorithm is computationally complex and slower 
than other algorithms.

Furthermore， the Laplacian operator is highly sensi‐
tive to noise and cannot determine the direction of 
edges.  Compared with other operators， the Canny opera‐
tor demonstrates superior performance.  Moreover， 
non‐maximum suppression effectively mitigates noise in‐
terference， while double‐threshold filtering considers 
pixel values within the edge and its surrounding neigh‐
borhood to enhance and suppress the edge.
1. 2　Fully connected neural network (FCNN)

FCNNs， known for their extensive parameterization 
and superior fitting capabilities［14］ ， are particularly 
well‐suited for this application.  An FCNN consists of an 
input layer， multiple hidden layers， and an output layer.  
Each layer is composed of several neurons， with dense 
connections between neurons in adjacent layers.  How‐
ever， neurons within the same layer are not connected.  
Upon receiving input from the previous layer， each neu‐
ron in a layer calculates its weight and bias parameters 
and then passes its output to the next layer after activa‐

tion.  To simplify the model and improve computational 
efficiency while maintaining training effectiveness， the 
ReLU function is selected as the activation function.  The 
ReLU function addresses the issue of vanishing gradients 
by providing only two gradient values： 0 and 1.  When 
the input is less than 0， the gradient remains 0， which 
makes the neuron stop propagating forward.  Con‐
versely， when the input is greater than 0， the gradient re‐
mains 1， which allows the neuron to maintain its value 
and continue forward propagation.  Fig. 1（a） illustrates 
the curve of the ReLU function.  This study implements a 
FCNN （Fig. 1（b）） to accurately identify the geometric 
dimensional parameters of the precast box girder.

1. 3　Deep convolutional neural network (DCNN)

DCNNs are a type of deep learning technology used 
for supervised learning.  Their primary architecture con‐
sists of convolutional layers， pooling layers， and other 
components designed to extract high‐dimensional fea‐
tures from data［15］.  The specific process of the convolu‐
tion operation is illustrated as
O (a，b ) = ( K × I ) (a，b ) = ∑

p
∑

q
I (a + p，b + q ) K ( p，q )

（1）
where I represents the input matrix， and the size is （a，
b）； O represents the output matrix with size （a，b）； K 
represents the convolution kernel with size （p，q）.

The pooling layer typically follows the convolutional 
layer and reduces the resolution of the convolutional 
layer output.  This process aims to condense the feature 
map， which in turn minimizes subsequent computations 

Fig. 1　Structure diagram of FCNN and ReLU function curve.  
（a） ReLU function curve； （b） Structure diagram
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and enhances the image through feature map compres‐
sion.  Furthermore， mitigating overfitting is also essen‐
tial.  Common pooling methods include maximum， aver‐
age， and median pooling.  Fig. 2 shows the DCNN struc‐
ture implemented in this study.

2　Methodology for Geometric Parameter Iden‑
tification of Bridge Sections

Fig. 3 shows the workflow for identifying the geomet‐
ric parameters of precast components.  The workflow 

comprised three main stages， which included Phase Ⅰ 
（edge detection of precast components）， Phase Ⅱ （box 
girder section dataset fabrication）， and Phase Ⅲ （geo‐
metric parameter identification using artificial neural net‐
works）.

Phase Ⅰ improved upon traditional mathematical mor‐
phology methods by incorporating dynamic structural 
units that adapt to the shifting position of the sliding win‐
dow.  This enhanced method effectively connected the 
edges of the bridge precast components.  Phase Ⅱ devel‐
oped an edge‐fitting technique to generate a dataset.  A 
comprehensive dataset of precast bridge component 
cross‐sections was created using the control parameters 
of the precast box girder cross‐section as data labels.  
Phase Ⅲ involved calculating the angular coordinates of 
the precast component using the control parameters of the 
precast bridge component cross‐section.  This facilitated 
the development of a deep artificial neural network 
model to identify the geometric parameters of the precast 
component cross‐section.  The accuracy of the geometric 
parameter identification method was subsequently vali‐
dated.

3　Case Study

3. 1　Engineering background and experimental con‑
figuration

This study focuses on a typical 30‐m span precast box 
girder of an expressway for investigating the identifica‐
tion of cross‐sectional geometric parameters.  Fig. 4（a） 
shows the initial cross‐section.  Fig. 4（b） shows the 

cross‐section of the precast girder.
The development environment for the experiment is as 

follows： the CPU uses an Intel® Xeon® Platinum 8163 
2. 50 GHz 96‐core processor （Intel Corporation， Santa 
Clara， CA， USA）， 224 GB of memory （Samsung Electron‐
ics Co.， Ltd.， Seoul， Republic of Korea）， and an NVIDIA 
GeForce RTX 2080Ti graphics card with 12 GB of video 
memory （NVIDIA Corporation， Santa Clara， CA， USA）.

Fig. 2　Structure diagram of DCNN

Fig. 3　Workflow for geometric parameter identification of precast components
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3. 2　Edge detection

In this case， the Canny edge detector outperforms 
other edge detection methods.  Non‐maximum suppres‐
sion effectively eliminates noise， while double‐threshold 
filtering enhances and suppresses edges by considering 
both edge pixels and their neighboring pixel values.  
However， for images with complex textures or subtle 
color differences between foreground and background， 
the Canny edge detector produces edges with poor conti‐
nuity.  For edge connection， the Canny detector only con‐
siders existing edges and their neighborhoods and over‐
looks potential edges that may have been missed.

In image processing， morphological operations in‐
volve defining different structural elements and anchor 
points.  Eqs.（2） and （3） represent morphological ero‐
sion and dilation， respectively.  Before performing logi‐
cal operations on an image， the structural element must 
be determined.  These elements must remain fixed and 
cannot be adjusted based on edge characteristics during 
the operation.  This fixed approach can lead to excessive 
expansion of local edges during edge detection， and in 
some cases， local edges may be completely eroded.

dst ( x，y ) = min( x'，y')：element ( x'，y') ≠ 0 src ( x + x'，y + y') （2）
dst ( x，y ) = max( x'，y')：element ( x'，y') ≠ 0 src ( x + x'，y + y') （3）

where src（·）represents the original image； dst（·） repre‐
sents the processed image； element denotes the structural 
element if the corrosion and expansion operations are de‐
noted as f⊖s and f⊕s， respectively.

To address the issue of the Canny edge detector focus‐
ing solely on edge filtering without considering edge con‐
nectivity， this study removes the double‐threshold filter‐
ing process from the Canny algorithm.  Instead， the 
study uses morphological erosion to eliminate noise and 
short edges， followed by morphological dilation to con‐
nect discontinuous edges.

This study integrates the Canny edge detector with en‐
hanced mathematical morphology.  Fig. 5 illustrates the 
edge detection method workflow.  In Fig. 5， W repre‐
sents decison varible.  After non‐maximum suppression 
in the Canny algorithm， double‐threshold filtering is 
omitted， and an improved morphological operation is ap‐
plied instead.

By combining the Canny edge detector with improved 
morphological operations， the algorithm effectively con‐
nects straight edges in images of precast bridge compo‐
nents.  This improvement enhances the continuity of edge 
detection for linear features， which in turn increases the 
accuracy of edge recognition for precast bridge compo‐
nents.
3. 3　Data pre‑processing

The data format of the typical section edge of bridge 
precast components exhibits non‐uniformity and signifi‐
cant differences in order of magnitude， making the data 

Fig. 5　 Flowchart of morphological improvement of dynamic 
structural elements

Fig. 4　 Model of bridge precast components.  （a） Initial 
cross⁃section； （b） Cross⁃section of precast girder （unit： cm）
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incompatible with fixed neural network models.  There‐
fore， data pre‐processing is essential to align the data 
with the existing network in terms of dimensions， form， 
and order of magnitude.  This pre‐processing step is criti‐
cal for improving the network model recognition accu‐
racy.

In the problem of identifying the geometric parameters 
of typical section edges of bridge precast components， 
the data features consist of the horizontal and vertical co‐
ordinates of the edges 1 × n， represented as 
one‐dimensional vectors in the order of x0， y0， x1， 
y1， …， xn+1， and yn+1.  Nine essential control characteris‐
tics of typical precast bridge components serve as data la‐
bels.  The formula for the mapping relationship between 
the data labels and data features is given as

{ x0，y0，x1，y1，…，xn + 1，yn + 1 } →
{ H，m，w1，w2，t3，d，t1，t2，w3 } （4）

where H represents the main girder height； m represents 

the roof slope； w1 represents the right‐side width of the 
top plate； w2 represents the left‐side width of the top 
plate； t3 denotes the top plate thickness； d denotes the 
roof chamfer distance； t1 denotes the side plate thick‐
ness； t2 denotes the soleplate thickness； w3 denotes the 
bottom plate width.

A total of 4 096 datasets are generated， each consist‐
ing of images capturing the edges of precast bridge sec‐
tions.  These images are created by introducing random 
variations within a 30% error range， using the original 
control settings of a 30‐m precast box girder section from 
an expressway.  The training set comprises 90% of the 
data， which is equivalent to 3 687 edges.  Meanwhile， 
10% of the data is randomly selected as the validation 
set， with the remaining data used for testing.  Table 1 
presents the values of the nine key control parameters in 
the data labels.  Table 2 presents the eight extracted data 
groups.

When calculating the loss function， all parameters 
are given equal weight.  This can result in increased 
sensitivity to larger parameters， which potentially re‐
duces the prediction accuracy for smaller parameters.  

An adjustment based on the order of magnitude is re‐
quired to address this issue.  Table 3 presents the orders 
of magnitude for the nine key control parameters in the 
dataset.

3. 4　Data generation

The cross‐section of a 30‐m standard‐span precast 
small box girder consists of several components such as a 
top plate， side plate， bottom plate， and flange plate.  
Each of these components is defined by measurements 
such as thickness， width， slope， and chamfer.  There‐
fore， the objective of geometric parameter identification 
is defined as the nine control parameters of the 
cross‐section of the precast component： girder height H， 
roof slope m， right roof width w1， left roof width w2， 

roof thickness t3， roof chamfer distance d， side thickness 
t1， bottom plate thickness t2， and bottom plate width w3.  
Fig. 6 shows their physical interpretations.

The coordinates of 18 edge corner points of the typical 
section of the precast component are calculated based on 
the control parameters.  These calculated corner points 
are then connected sequentially to determine the typical 
section of the unique precast component of the bridge.  
Finally， noise is added to the connected corner points.  
Fig. 7（a） shows the placement of the 18 edge corner 

Table 1　Values of control parameters of the precast component section
Parameter

Value
H/pixel
1 600

m

0.02
w1/pixel

1 200
w2/pixel

1 200
w3/pixel

1 000
t1/pixel

250
t2/pixel

300
t3/pixel

180
d/pixel

250
Table 2　Eight data groups

Group No.
1
2
3
4
5
6
7
8

H/pixel
1 465.70
1 288.47
1 484.98
1 386.25
1 404.57
1 384.59
1 534.82
1 191.07

m

0.018 14
0.016 56
0.016 70
0.019 73
0.015 05
0.018 37
0.015 88
0.014 24

w1/pixel
1 004.45
1 058.01
1 020.60
1 042.96

956.23
999.49
859.06

1 092.99

w2/pixel
919.11

1 195.83
1 123.17
1 013.71
1 039.59

911.42
876.62

1 004.97

w3/pixel
890.72
751.69
804.62
768.00
994.16
709.12
799.45
724.75

t1/pixel
242.11
186.92
175.15
242.78
184.55
230.84
227.26
246.82

t2/pixel
234.01
263.91
298.58
239.51
298.35
295.68
267.59
257.48

t3/pixel
168.39
142.11
136.61
166.03
137.36
161.09
145.38
157.92

d/pixel
189.48
213.78
241.21
201.17
184.47
214.34
231.45
188.06

Table 3　Orders of magnitude for key control parameters
Parameter

Order of magnitude
H/pixel

103
m

10−2
w1/pixel

103
w2/pixel

103
w3/pixel

103
t1/pixel

102
t2/pixel

102
t3/pixel

102
d/pixel

102
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points of the typical section of the precast component.  
The horizontal and vertical coordinates of the edge corner 
points are Pi， respectively， where i denotes the number 
of the edge corner points， with i = 0，1， …， 17.  Fig. 7
（b） shows the edge image after adding noise.  A dataset 
of bridge precast components is created using the noisy 
edge coordinates as data features and the precast box 
girder cross‐section control parameters as data labels.

3. 5　Model training and verification

The loss function of the FCNN gradually converges by 
the 80th generation （Fig. 8（a））.  The loss function for the 
training and verification sets converges to 6. 333 7 and 
18. 214 5， respectively.  In contrast， the loss function of 

the DCNN converges at the 76th generation （Fig. 8（b））.  
The training set loss function and the verification set loss 
function converge to 3. 336 7 and 10. 340 1， respec‐
tively.  These values represent a reduction of 47. 32% and 
43. 23% compared with the FCNN loss function.

The model with the smaller loss function is selected as 
the prediction model.  The geometric parameters of 2 048 
randomly selected edge images are identified， and the 
relative error is calculated.  The computational procedure 
is as follows：

Er = S - E
S （5）

where Er represents the relative error； S denotes the true 
value； E denotes the measured value.

Fig. 9 illustrates the results of geometric parameter 
identification using FCNN.  The geometric parameter rec‐
ognition results of FCNN exhibit a broad distribution 
range， with the relative error of the roof slope m within 
the ±80% interval， while the relative error of other geo‐
metric parameters is within the ±40% interval.  After pro‐
cessing 700 data groups， the error distribution of the rec‐
ognition results is symmetrically distributed around zero.  
The distribution range of the CNN results is small， with 
the relative error for the roof slope within the ±5% inter‐
val.  Other geometric parameters are within the ±3% in‐
terval， and the error distribution of the recognition re‐
sults is symmetrically distributed around zero.  Owing to 
the stronger ability of DCNN to extract data features， its 
geometric parameter recognition results are more accu‐
rate and symmetrical.

Fig. 6　 Schematic diagram of geometric parameters of the 
cross‐section of precast components

Fig. 7　 Cross⁃section edge image of the precast component.  
（a） Schematic diagram of edge corner positions； （b） Gener⁃
ated edge image of the precast component

Fig. 8　Neural network loss functions.  （a） FCNN； （b） DCNN
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Fig. 10 shows the prediction errors of the roof slope m 
and the other eight key control parameters.  In the 
FCNN， 79. 67% of the roof slope and 88. 11% of the 
other parameters have errors within 5%.  For the DCNN， 
99. 15% of the roof slope has a prediction error within 
5%， and 100% of the other eight key control parameters 
have prediction errors within 5%.  In addition， the recog‐
nition precision for 97% of the cases is within 2%.

Table 4 presents the comparison of training time and 
inference speed between the DCNN and FCNN methods.  
The DCNN method demonstrates significantly shorter 
training time while maintaining comparable inference 
speed.  Furthermore， in the relative error frequency statis‐
tics （Fig. 10）， the relative frequency error of the DCNN 
is considerably lower than that of the FCNN.  Therefore， 
from the perspective of analytical efficiency， the DCNN 
outperforms the FCNN in both training and prediction.  
Consequently， the DCNN can train high‐precision mod‐
els that are better suited to this application scenario.

The model training in this study relies on a generated 
dataset.  Although efforts have been made to enhance 
data diversity by modulating control parameters and intro‐
ducing noise， the dataset may still not fully capture all 
practical application scenarios.  Consequently， future re‐

search should focus on strategies for expanding dataset 
sources to improve model generalization capabilities and 
robustness across various domains.
4　Conclusions

（1） This study utilizes an edge detection method to 
generate a dataset of section edges for precast compo‐
nents.  This approach facilitates the rapid creation of edge 
datasets for different component types and sizes， which 
in turn provides effective data support for identifying 
typical section parameters in bridge precast components.
（2） DCNNs outperform FCNNs in both identification 

accuracy and efficiency.  The identification error is effec‐
tively limited to a maximum of 5% in most cases.  Nota‐
bly， in 97% of scenarios， the error is restricted to a maxi‐
mum of 2%.
（3） This research presents a novel technique for identi‐

fying geometric parameters of bridge precast component 
sections using a DCNN.  Future improvements can be 
achieved by further optimizing the DCNN model and ex‐
panding the dataset to include more complex detection 
scenarios.

Fig. 9　Identification error analysis of geometric parameters of 
typical sections of bridge precast components.  （a） FCNN； 
（b） DCNN

Fig. 10　Relative error frequency statistics.  （a） FCNN； 
（b） DCNN

Table 4　Comparison of calculation time

Deep network structure
FCNN
DCNN

Training time/min
346
114

Inference speed/
(pcs·s-1)

0.34
0.36
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基于深度学习和计算机视觉的桥梁预制箱梁
截面几何参数识别

贾景伟， 倪有豪， 茅建校， 徐寅飞， 王浩

（东南大学混凝土及预应力混凝土结构教育部重点实验室，南京211189）
摘要： 为解决现有桥梁预制构件几何参数测量方法存在的效率低、依赖人工问题，以某高速公路桥梁通用装

配式预制构件为对象，基于深度学习和计算机视觉开展截面几何参数识别方法研究。首先，以所拍摄的桥

梁预制构件横截面图像为对象，融合 Canny 算子和数学形态学方法，提取桥梁构件截面的边缘特征点。然

后，以所提取图像的边缘坐标为输入，以预先确定的桥梁构件截面的控制参数为输出，建立用于预制构件横

截面几何参数识别的深度学习模型，通过改变控制参数和噪声生成数据集，用于模型训练。最后，开展现场

测试以验证所建立方法的精度。结果表明，建立的集成参数识别方法可以有效识别桥梁预制构件的截面几

何参数，误差可控制在5%以内。

关键词：桥梁预制构件；截面几何参数；尺寸识别；计算机视觉；深度学习
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