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SUMMARY: In this paper, machine vision technology with non-contact, high efficiency and 

automation is selected for bridge structure measurement, expecting to build a practical 

real-time monitoring method. Combined with the relationship between the camera coordinate 

system and the world coordinate system, the camera calibration is carried out to eliminate the 

error caused by image distortion and realize the correction of image distortion. On this basis, 

the SIFT feature point detection method is selected to extract and match the image features to 

form the image measurement algorithm based on machine vision. The finite element structure 

is built based on the location information of the key points of the bridge acquired by vision, 

and the overall stress distribution data of the bridge structure is calculated. Meanwhile, based 

on the on-site measurement data, the three-dimensional deformation data of the bridge 

structure is output to complete the measurement of the bridge deflection. In the practical 

application of machine vision-based stress calculation and deflection measurement method in 

River Gorge Bridge K, the maximum stress calculation of the bridge cantilever top plate is 

14.18MPa and the maximum stress calculation of the bottom plate is 17.49MPa, which is 

close to the actual measurement results, and the difference between the deflection 

measurement of the bridge and the GPS measurement is less than 1mm, which shows a wide 

range of prospects for the application of stress and deflection monitoring on bridges. 

 

KEYWORDS: finite element structure; machine vision; SIFT feature point detection; bridge 

structure; deflection measurement; stress monitoring 

1 Introduction 

The rapid development of the current social economy and urbanization level makes the 

government and relevant departments pay more and more attention to the construction of 

infrastructure, in which the bridge construction project is a very important link in the 

construction of infrastructure, which bears an important responsibility for the safety of 

transportation. However, due to the rapid development of the transportation industry, bridge 

construction projects continue to increase, and at the same time for the quality of the 

construction process has higher requirements [1, 2]. Some of the existing bridge facilities 

have large spans, complex structures, and asymmetric loads in the construction process, and 
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in the process of its long-term use, the bridge structure is deformed and damaged, and some of 

the bridge structure has been unable to adapt to the current traffic flow, which seriously 

threatens the lives of the drivers and the safety of property [3-5]. Among them, asymmetric 

loading of bridge construction is a common phenomenon, due to the differences in bridge 

construction techniques lead to unbalanced loads on both sides or both ends of the bridge, or 

the differences in construction materials or uneven distribution of concrete caused by the 

difference in global stress, as well as construction equipment placed in the wrong location 

caused by the concentration of the local loads, which ultimately led to the deformation of the 

bridge structure is out of control, increasing the risk of construction [6-9]. In addition, during 

the bridge construction stage, the bridge may be disturbed by wind, rainfall, temperature 

changes and other environmental factors, resulting in the aggravation of local loads and 

uneven distribution of global loads, leading to the deterioration of long-term performance [10, 

11]. Wu et al. [12] found that, during the design and construction stage of the bridge 

tilt-resistant structure, the bridge with unbalanced state is in a state of impact acceleration, 

rotational angular acceleration, the clearance between the support foot and the lower rotating 

platform, and the bridge displacement and stresses increase under the increased impact 

acceleration, rotation angle acceleration, support foot and lower rotating platform. Increase 

under the bridge displacement and stress gradually increased, increasing the bridge structural 

risk. 

By monitoring the bridge construction process loads, structural deformation can be 

reduced, the service life of the bridge can be extended, and the operational safety of the bridge 

can be improved. Wang et al [13] proposed a feedback system for the construction monitoring 

of asymmetric prestressed concrete bridges with multi-line railroad crossings, combining a 

finite element analysis model to monitor and provide feedback on parameters such as 

maximum displacements, stresses, etc. during the construction to ensure the safety of the 

bridge construction. Li et al [14] used building information modeling technology to construct 

a safety analysis model for construction scenarios of prestressed concrete continuous girder 

bridges, and introduced a particle swarm optimization algorithm to optimize the model for 

safety analysis of main girder stresses in construction scenarios such as load imbalance, which 

is conducive to assisting in the monitoring of bridge construction. Gaute-Alonso et al [15] 

integrated a network of advanced force measurement sensors and synchronized multi-strain 

force measurement sensors to monitor stresses during two construction phases, active 

anchoring and short prestressing unit design, in the construction of large-span bridges, which 

improves the level of accuracy and control of stress measurements. Zheng et al [16] 

monitored the stresses, construction errors and safety status of arch bridge construction, and 

conducted static and dynamic load tests on the completed bridges to verify that the 

combination of stresses and deflection ranges under the foundation construction of 

pressurized arch bridges can meet the load bearing requirements. Zhang et al [17] used 

fiber-optic sensors to monitor the deflection changes in three key construction stages of 

long-span cantilever bridges, i.e., forward movement of hanging baskets, concrete pouring, 

and prestressing tensioning, and the monitoring results were consistent with the on-site 

conditions. The current stress and deflection monitoring during bridge construction is oriented 

to the whole construction process, and the stress and deflection under asymmetric loading of 

bridge construction are not carefully monitored and analyzed, and the monitoring method 

cannot meet the demand of real-time monitoring. 

And machine vision has slowly evolved under the combined effect of long-term industrial 

automation needs, optical imaging technology, and the development of electronic computing. 

From the initial artificial visual assistance, to today's multimodal vision system widely used in 

manufacturing, transportation and other fields, it has experienced a continuous iteration from 



INGEGNERIA SISMICA – INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING 

3 

low speed and low resolution to high speed and high resolution, and from local detection to 

global understanding [18-21]. Its core is not a single algorithm, but a whole set of system 

jointly supported by four elements: perception, imaging, illumination, processing and 

execution. Dan et al [22] used multi-source heterogeneous information from machine vision 

and weighing dynamic data fusion to construct a bridge group digital twin system, which 

acquires the bridge structural response data under load through sensors to realize the 

monitoring of bridge traffic loads. Zhao et al [23] proposed a highway bridge settlement 

monitoring technology based on machine vision, which can realize the real-time automatic 

monitoring of the bridge pile foundation displacement changes, and improve the safety 

guarantee for the bridge maintenance and construction during the pit excavation. Xie et al [24] 

carried out real-time monitoring of displacement and lateral deflection during the incremental 

lifting phase of bridge construction through machine vision technology, which introduced a 

target detection algorithm and a multi-target tracking model for detecting, recognizing, and 

tracking multi-targets during the construction phase. It can be seen that machine vision 

provides a new path for stress and deflection monitoring under load asymmetry in the bridge 

construction stage. 

In this paper, based on the relationship between the camera coordinate system and the 

world coordinate system conversion, the calculation of the camera distortion coefficient, the 

correction method of image distortion under machine vision is proposed. SIFT feature point 

detection method is adopted for image feature extraction and matching, and an image 

measurement algorithm based on machine vision is established. Taking this algorithm as a 

measurement tool and combining with the actual situation of bridge construction, the finite 

element structural analysis method applicable to its stress structure distribution and the 

deflection measurement method are designed. The experimental samples are selected to 

observe and calculate the stress distribution and deflection performance by applying the 

method of this paper, so as to verify the technical support role of machine vision in the control 

of stress and deflection in bridge construction. 

2 Machine Vision Based Image Measurement Algorithm 

2.1 Camera Calibration and Aberration Correction 

When measurement work is performed using machine vision, there are distortions between 

the camera-acquired image and the original spatial image. In order to obtain accurate spatial 

image information from the image, camera calibration is used to recognize and reconstruct 

spatial objects by extrapolating the geometric information of the objects in three-dimensional 

space from the image information acquired by the camera. The relationship between the real 

coordinates of a spatial object and the pixel coordinates of the corresponding points in the 

image captured by the camera is determined by the parameters of the geometric model of the 

camera imaging (camera parameters), and the process of solving the camera parameters is the 

camera calibration. Aberration correction is the process of using the solved parameters to 

restore the original information of the captured image. 

The coordinate systems involved in the camera calibration process are shown in Figure 1, 

including the world coordinate system, the camera coordinate system, the image coordinate 

system and the pixel coordinate system. Camera calibration is the process of converting world 

coordinates into camera coordinates and then into image coordinates to eliminate the errors 

generated by aberrations in order to obtain accurate measurement results. 



Li et al. 

4 

P(Xw,Yw,Zw)

p(x,y)

f

v
y

o u

Xc

Oc

Yc

Zc

Zn

Yn

Xn

0

 

Figure 1: Four coordinate systems calibrated by the camera 

The relationship between the world coordinate system and the image coordinate system 

for the point of the same name is obtained after two coordinate system transformations as in 

equation (1). 

 

1
1

x
u

y
v K R t

z

 
   
         
    

 

 (1) 

,u v  are the coordinates in the image coordinate system in mm; x , y , z  are the 

coordinates in the world coordinate system in pixels; K  is the camera internal reference, 

which is a 3*3 matrix whose function is to transform the coordinates from the camera 

coordinate system to the image coordinate system, and then to the pixel coordinates; ,R t  are 

the camera external references, and R  is a 3*3 matrix representing the rotational 

transformation in the direction of , ,x y z  direction, and t  is a 3*1 matrix representing the 

translation transformation in , ,x y z  direction. 

Due to manufacturing accuracy and assembly deviations, the captured image may be 

distorted. Depending on the source of distortion, they are classified as radial and tangential 

distortion. Radial distortion is caused by the fact that when light passes through the center of 

the lens, light rays far from the center of the camera lens are more easily curved than light 

rays close to the center, resulting in pixel points that deviate close to or far from the center of 

the image plane, and the deviation gradually increases along the radius of the lens toward the 

outer circle. Tangential aberrations are due to the unevenness of the lens and the imaging 

plane causing probabilistic pixel deviation. 

Radial aberrations as the target becomes farther away from the optical center position, the 

greater its effect on the imaging effect, in order to eliminate the effect of radial aberrations, 

the establishment of 1 2 3, ,k k k  three coefficients, and expanded with Taylor series, can be 

expressed as equation (2). 
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 ,x y  are the image coordinates without aberration under the ideal optical center system, 

 ,x y   are the image coordinates in the practical application, and r  is the distance from the 

point to the imaging center. 

With two parameters 1P  and 2P  to express the tangential distortion of the camera, the 

model of tangential distortion is expressed as equation (3). 
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 (3) 

According to Eqs. (2) and (3), the superimposed combination of the two aberrations can 

eliminate the effects from both at the same time, and the parameter expression of the 

superposition is Eq. (4). 
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 (4) 

Five aberration coefficients in camera calibration can be obtained in Eq. (4), i.e., radial 

aberration coefficients 1 2 3, ,k k k , and tangential aberration coefficients 1P  and 2P . In the 

process of camera calibration, after obtaining the aberration parameter matrix, the 

corresponding point ( , )x y  under the ideal model is calculated for any output image point 

( , )x y   according to Eq. (4), and the pixel point is assigned to ( , )x y   for further processing, 

and the pixel value of this point is calculated using interpolation if ( , )x y   is a non-integer, 

and a new pixel value is output when all pixel points have been processed, so as to realize the 

new image of image aberration. After all pixels are processed, a new image is output to realize 

the correction of image distortion. 

2.2 Image feature extraction and matching 

2.2.1 SIFT feature detection and feature point composition methods 

The essence of the SIFT algorithm is to find the extreme points on different scale spaces and 

calculate the orientation elements and feature descriptors of the extreme points.The extreme 

point features found by SIFT are the points that will not change due to factors such as 

illumination, affine transformations and noise, etc.The main matching steps are as follows: 

(1) Establish Gaussian difference pyramid 

The scale recognized by the computer is the   value of the two-dimensional Gaussian 

function, so when the image is convolved with a two-dimensional Gaussian function, many 

Gaussian images with different   values can be obtained. For computers, the larger the 

Gaussian kernel, the more blurred the image, known as the “size space expression”, that is, in 

different Gaussian kernel smoothed by the different expression of the picture.SIFT algorithm 

in the two transformations of the image is shown in Figure 2(a)-(b). The multi-resolution 

expression of the image pyramid is a downsampling of the image, after downsampling the 

pixel points of the image will be reduced, the size of the image will be reduced, and the 

resolution of each layer of the pyramid will be reduced by a fixed ratio, as shown in Fig. 2(a). 
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(a) Image pyramid (b) Gaussian Laplace transform image  

Figure 2: Two kinds of transformed images in the SIFT algorithm 

The Gaussian Laplace transform image (LOG image) is obtained by fusing the two 

methods. The specific method is to add photos at different blurring levels to each layer of the 

original image pyramid, as shown in Fig. 2(b). Subtracting the neighboring images of each 

layer on the basis of the LOG image to get all the reconstructed pyramids is the Difference of 

Gaussian Pyramid (DOG pyramid), and all the feature points are extracted on the DOG 

pyramid in the later stage. 

(2) Determination of key point location 

Thresholding is performed on all pixel points to filter out the noisy and unstable points in 

them. See expression (5) for details. 

   0.5* /abs val T n  (5) 

0.04T  , an empirical value; n  is the number of layers in which the feature points are 

wanted to be extracted. 

Each pixel point is compared with its surrounding eight pixel points and the nine pixel 

points in the upper and lower layers, and when it is greater or less than all the neighboring 

points, it is determined to be an extreme point. A Taylor expansion is performed on the 

detected extreme points to determine the exact location of the extreme point, and the exact 

extreme point is obtained by solving the partial derivative of the expansion equation and 

making the derivative zero. 

(3) Assigning directions to key points 

The gradient direction and gradient magnitude of all pixels within a circle of 1.5 times the 

radius of the Gaussian image scale where the feature point is located are counted with the 

feature point as the center of the circle, and the angle of the gradient direction is the scale of 

the horizontal axis, and if 45 degrees is taken as a unit, there are eight scales in the horizontal 

axis, and the vertical axis is the cumulative value of the corresponding gradient assignment. 

Take the direction with the highest amplitude to determine the main direction, and when there 

is a second peak will be more than eighty percent of the peak capacity of the direction, called 

the auxiliary direction. 

2.2.2 Feature Point Matching Algorithm 

Constructs descriptors for the identified feature points. Divide the neighborhood of a specified 

range near the feature point into a grid of specified regions and rotate the x-axis of the original 

image to the same direction as the principal direction. In each divided grid region, there are 



INGEGNERIA SISMICA – INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING 

7 

histograms of the gradient directions in eight directions, and the cumulative value of each 

gradient direction is plotted to form a seed point. Unlike when solving for the main direction 

of the feature point, at this time, the histogram of gradient direction of each subregion divides 

0~360 degrees into eight direction ranges, each direction range is 45 degrees, then each seed 

point is endowed with the gradient intensity information of eight directions. There are 16 

sub-regions, each containing 8 dimensional information, forming a 128-dimensional SIFT 

feature vector. The feature vectors are Gaussian weighted, and the weighting is performed 

using a standard Gaussian function with a variance of 1.5σ, and the distance is set to the 

distance of each point with respect to the feature point, and the best match is determined by 

traversing the descriptors of all the feature points in the two images. 

3 Machine Vision Based Stress Calculation and Deflection 

Measurement for Bridges 

3.1 Calculation of bridge stress distribution based on finite element 

structural analysis 

Before the bridge overall lifting construction, finite element simulation simulation analysis of 

the lifting process is carried out to pre-check the deformation and internal force distribution of 

the bridge. In this paper, the traditional method is changed, and the finite element structural 

analysis method is organically combined with the image measurement algorithm based on 

machine vision, and the real-time position change information of the key points of the bridge, 

ix  and iy , obtained by the image measurement algorithm based on machine vision, are 

used as the boundary condition information in the process of the finite element analysis of the 

bridge and analyzed, so that it can be realistically and efficiently real-time access to the 

overall stress distribution data during the overall lifting process of the bridge. 

According to the basic theory of finite element, equations (6)-(7) can be obtained: 

 K R   (6) 

 DBG    (7) 

where: K  is the overall stiffness matrix of the bridge;   is the overall equivalent node 

displacement vector; R  is the overall equivalent node load vector;   is the stress matrix of 

the unit; D  is the elasticity matrix; B  is the strain matrix; G  is the position matrix. 

Static analysis of the bridge structure, the bridge for the horizontal state, so the calculation 

of internal forces only need to consider the wind load and the structure of the self-weight load; 

and the actual construction, the impact of the bridge hydraulic lifting process of the overall 

stress distribution of the factors also include the two sides of the lifting point lifting speed 

caused by the bridge tilted to the relative position of the key node changes. The image 

measurement algorithm based on machine vision can provide this kind of relative position 

change information of key nodes in real time, calculate the displacement information of all 

key nodes at a certain lifting moment, take the left (or right) end node as the reference node, 

and further calculate the relative position change information of all key nodes as in Eq. (8). 

    , ,r r

i i r i r ix y x x y y        (8) 

where:  ,r r

i ix y   is the relative position change information of node i ; ix  and iy  are 
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the position change information of node i ; rx  and ry  are the position change 

information of the reference node. 

The relative position change information of the key nodes of the bridge at the moment of 

t  obtained by Eq. (8) is brought into Eqs. (6) and (7) for finite element analysis, and the 

stress distribution of the bridge as a whole at the moment of t  can be obtained. 

3.2 Machine Vision Based Bridge Deflection Measurement 

3.2.1 Camera baseline distance and angle field adjustments 

When 3D deflection inspection of bridge structure is carried out on site, due to the limitation 

of site conditions, it is generally necessary to adjust the baseline distance between binocular 

cameras, the angle between two cameras or replace the camera lens on site in order to balance 

the contradiction between the field of view of the measurement system and the inspection 

resolution. After adjusting the baseline distance, camera angle or replacing the lens, the 

internal and external parameters of the binocular camera are calculated for the subsequent 3D 

deflection measurement. 

3.2.2 Three-dimensional deformation output 

The 3D deformation information of the structure surface can be obtained by subtracting the 

3D coordinates output from the measurement process at different moments as in equation (9): 
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 (9) 

In Eq. (9), u , v  and w  correspond to the deformation in the wX , wY  and wZ  

directions, respectively. 

4 Stress calculation and deflection monitoring of bridges 

under asymmetric loading 

4.1 Stress Observation and Calculation Based on Asymmetric Loads on 

Bridges 

4.1.1 Calculation of asymmetric loads 

During the cantilever construction of a bridge, prestressed tensioning is carried out. To 

effectively bond the prestressed tendons with the structural concrete and protect the steel 

bundles from rusting, grouting and filling are conducted in the prestressed ducts after 

tensioning the steel bundles. Generally, single-end grouting is carried out, and for Bridges 

with longitudinal slopes, low-end grouting (low in and high out) is chosen. During the 

grouting operation, due to improper operation by workers or weak safety awareness, It is 

possible that all the required grouting materials will be piled up at one end of the bridge deck 

grouting side, which will subject the cantilever structure to asymmetric loads and affect the 

force and displacement of the bridge. In this paper, based on the River Gorge Bridge K, a 

machine vision-based image measurement algorithm is used to obtain real-time change 
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information on the location of the key points of the bridge cantilever structure, and the effect 

is analyzed by finite element calculation. 

The weight of the unit grout multiplied by the length of the aperture is the weight of the 

asymmetric load at the block section. Considering that the grout may not be placed all over 

the bridge deck slab during the actual construction, the maximum load is multiplied by the 

coefficients, i.e., 95%, 85%, 75%, and 65%, to discuss the effect of different sizes of 

asymmetric loads on the continuous rigid bridge. The specific load values obtained from the 

calculations are shown in Table 1. 

Table 1: Unsymmetrical load(kN) 

 
Weight 

100% 95% 85% 75% 65% 

Blocksegment 

1 56.7 51.2 45.6 40.0 34.4 

2 72.0 64.9 57.8 50.7 43.6 

3 87.9 79.2 70.5 61.8 53.1 

4 103.6 93.3 83.1 72.8 62.5 

5 119.4 107.6 95.7 83.9 72.0 

6 137.9 124.2 110.5 96.8 83.1 

7 156.4 140.8 125.3 109.7 94.2 

8 174.9 157.5 140.1 122.7 105.3 

Cross 

segment 

9 193.1 173.9 154.7 135.4 116.2 

10 211.1 190 169 148 127 

11 232.2 209.1 185.9 162.8 139.6 

12 253.4 228.2 202.9 177.7 152.4 

13 274.7 247.3 219.9 192.5 165.1 

14 295.8 266.3 236.8 207.3 177.8 

15 316.7 285.1 253.5 221.9 190.3 

4.1.2 Stress observation data processing and calculations 

According to the burial of the stress measurement points of the K Bridge, the stress condition 

inside the box girder during the actual construction condition is measured as (V2) measured 

value using the image measurement algorithm based on machine vision. The 20 construction 

blocks under the buried 3 important nodes (1-3) are selected, and the difference between the 

calculated value of stress at the top plate of the control section of the bridge (V1), the 

measured value of (V2) and (V3) is shown in Table 2, and the difference between the 

calculated value of stress at the bottom of the cross-section (V1), the measured value of (V2) 

and (V3) is shown in Table 3.The stresses in the table are all positive in tensile stress and 

negative in compressive stress. 

  

javascript:;
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Table 2: The comparison between the calculated factual stresses of top plane(MPa) 

 
Node 1 Node 2 Node 3 

V1 V2 V3 V1 V2 V3 V1 V2 V3 

1 -1.58 -0.45 1.13 -1.63 -0.53 1.1 -1.65 -0.55 1.1 

2 -2.84 -0.98 1.86 -2.9 -1.05 1.85 -2.96 -1.09 1.87 

3 -4.05 -2.2 1.85 -4.12 -2.26 1.86 -4.16 -2.32 1.84 

4 -5.18 -3.31 1.87 -5.26 -3.4 1.86 -5.31 -3.47 1.84 

5 -6.27 -4.4 1.87 -6.34 -4.48 1.86 -6.4 -4.56 1.84 

6 -7.26 -5.4 1.86 -7.34 -5.49 1.85 -7.41 -5.58 1.83 

7 -8.23 -6.34 1.89 -8.29 -6.43 1.86 -8.36 -6.47 1.89 

8 -9.1 -7.25 1.85 -9.17 -7.32 1.85 -9.22 -7.38 1.84 

9 -9.96 -8.09 1.87 -10.02 -8.17 1.85 -10.08 -8.24 1.84 

10 -10.57 -8.72 1.85 -10.63 -8.79 1.84 -10.7 -8.88 1.82 

11 -11.11 -9.25 1.86 -11.17 -9.33 1.84 -11.22 -9.39 1.83 

12 -11.71 -9.73 1.98 -11.64 -9.8 1.84 -11.58 -9.86 1.72 

13 -12.11 -10.13 1.98 -12.04 -10.22 1.82 -11.99 -10.28 1.71 

14 -12.49 -10.54 1.95 -12.41 -10.6 1.81 -12.34 -10.67 1.67 

15 -12.85 -10.87 1.98 -12.77 -10.95 1.82 -12.71 -11.01 1.7 

16 -13.14 -11.2 1.94 -13.07 -11.26 1.81 -13.01 -11.32 1.69 

17 -13.4 -11.45 1.95 -13.32 -11.52 1.8 -13.24 -11.58 1.66 

18 -13.86 -11.94 1.92 -13.56 -11.77 1.79 -13.71 -12.06 1.65 

19 -13.86 -11.94 1.92 -13.79 -12 1.79 -13.71 -12.06 1.65 

20 -14.09 -12.42 1.67 -14.21 -12.16 2.05 -13.85 -12.3 1.55 

Table 3: The comparison between the calculated factual stresses of bottom plane(MPa) 

 
Node 1 Node 2 Node 3 

V1 V2 V3 V1 V2 V3 V1 V2 V3 

1 -1.14  -0.49  0.65  -1.09  -0.42  0.67  -1.05  -0.41  0.64  

2 -1.56  -0.92  0.64  -1.51  -0.84  0.67  -1.46  -0.79  0.67  

3 -2.04  -1.39  0.65  -1.99  -1.32  0.67  -1.94  -1.30  0.64  

4 -2.57  -1.92  0.65  -2.52  -1.85  0.67  -2.46  -1.83  0.63  

5 -3.16  -2.50  0.66  -3.11  -2.44  0.67  -3.05  -2.41  0.64  

6 -3.79  -3.15  0.64  -3.74  -3.07  0.67  -3.70  -3.04  0.66  

7 -4.45  -3.81  0.64  -4.40  -3.73  0.67  -4.34  -3.69  0.65  

8 -5.32  -4.66  0.66  -5.25  -4.59  0.66  -5.20  -4.57  0.63  

9 -6.21  -5.58  0.63  -6.16  -5.50  0.66  -6.11  -5.49  0.62  

10 -7.06  -6.53  0.53  -7.13  -6.46  0.67  -7.20  -6.39  0.81  

11 -8.07  -7.52  0.55  -8.13  -7.47  0.66  -8.21  -7.40  0.81  

12 -9.08  -8.55  0.53  -9.16  -8.50  0.66  -9.22  -8.45  0.77  

13 -10.13  -9.59  0.54  -10.20  -9.54  0.66  -10.28  -9.47  0.81  

14 -11.35  -10.68  0.67  -11.28  -10.62  0.66  -11.21  -10.56  0.65  

15 -12.45  -11.76  0.69  -12.38  -11.72  0.66  -12.30  -11.65  0.65  

16 -13.55  -12.89  0.66  -13.50  -12.84  0.66  -13.42  -12.77  0.65  

17 -14.67  -14.03  0.64  -14.62  -13.96  0.66  -14.55  -13.89  0.66  

18 -15.36  -14.74  0.62  -15.30  -14.63  0.67  -15.21  -14.60  0.61  

19 -16.34  -15.63  0.71  -16.26  -15.13  1.13  -16.05  -15.41  0.64  

20 -17.39  -16.12  1.27  -17.28  -15.67  1.61  -17.09  -16.00  1.09  
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Based on the graphs in Table 2 and Table 3, the calculated and machine vision measured 

stresses in the top and bottom plates at the maximum cantilever stage of the project are shown 

in Fig. 3, from which it can be seen that the stresses in the top and bottom plates at the root of 

the cantilever at the maximum cantilever stage of the Bridge K have reached the maximum 

value, and the majority of the girder segments are in the state of compression. The calculated 

maximum stress of the top plate is 14.18 MPa, and the measured maximum stress is 14.62 

MPa. The calculated maximum stress of the bottom plate is 17.49 MPa, and the measured 

maximum stress is 17.91 MPa. The error between the calculated data and the measured data is 

controlled within the interval of (0.00,0.50), which is not much different from each other, and 

is in line with the requirements. 

 

Figure 3: The calculated and factual stresses of the cantilever of top and bottom plates 

4.2 Machine Vision Based Bridge Deflection Monitoring 

4.2.1 Field calibration of bridges 

In order to verify the actual performance of the measurement system equipped with the 

machine vision image measurement algorithm in this paper, a field calibration test was 

conducted on the K-bridge bridge. The measurement system measures the interval 

displacement between 2 LEDs with working distances of 300, 550 and 900m respectively. 

When the two LEDs are fully illuminated, the difference between the two displacement 

coordinates at the same time is the distance between the two; when one of the LEDs is off, the 

difference between the displacement coordinates of the other illuminated LED at the same 

time is 0. The results of the on-site calibration test for the three kinds of working distances are 

plotted in Fig. 4 for the sampling frequencies of 5 Hz and 25 Hz. The data on the left side of 

the data labels in the figure are the interval distances, and the data on the right side are the 

sampling frequency, for example, (300,5) is the measurement result of 300m working distance 

under 5Hz. On the whole, the measured value and the actual value of the measurement system 

under machine vision are highly consistent, and the measurement error is not more than 5mm 

at a working distance of hundreds or even thousands of meters, and the measurement error 

increases with the increase of the working distance; the higher the sampling frequency, the 

smaller the measurement error at the same working distance. 



Li et al. 

12 

 

Figure 4: On-site calibration test 

4.2.2 Analysis of Deflection Measurement Results 

The state when the bridge is not loaded with weights is taken as the initial state, and the 

three-dimensional coordinates of the identification points of this state are reconstructed. The 

three-dimensional coordinates obtained from the ten times of data collected in the first state 

are used to find a center of gravity, which is used as the initial reference value. With the 

traditional deflection measurement method micrometer as a control, through this paper 

deflection measurement method measured by 150 sets of data and micrometer measured data 

comparison is shown in Figure 5, the dark blue curve in the figure for the micrometer 

measured data, light blue for the method of this paper measured data, light blue filled area for 

the difference between the two data. It can be seen that the deflection trend of the two data is 

consistent, the data values are within the (0.5,3.0) interval, and the error area between the data 

is small. 

 

Figure 5: Comparison of deflection measurement 
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4.2.3 Mid-span deflection monitoring of large bridges 

The time-domain curve of the vertical deflection of the bridge span of K Bridge between 

19:00 and 19:32 of a certain day based on machine vision and the GPS method is shown in 

Fig. 6, and the frequency spectrum curve is shown in Fig. 7. Comprehensively observing Fig. 

6 and Fig. 7, it is found that the synchronized measurement results of the bridge deflection 

based on machine vision and the GPS method for the bridge span vertical deflection are 

highly consistent in the time-domain and the frequency domain, The difference is less than 

1mm, and the maximum value of the vertical deflection of the bridge span is 924.77mm in the 

measurement time period. 

 

Figure 6: The time-domain curve of the mid-span deflection of a bridge 

 

Figure 7: The spectral curve of the mid-span deflection of the bridge 
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5 Conclusion 

In this paper, an image measurement algorithm based on machine vision is proposed by 

synthesizing image distortion correction under camera calibration and SIFT-based feature 

point monitoring and matching algorithm. With the technical support of this algorithm, a 

finite element structural analysis method of bridge stress distribution and a bridge deflection 

measurement method are constructed. Under the application conditions of asymmetric loading 

of the bridge, the maximum stress of the bridge cantilever top plate is 14.18MPa and the 

maximum stress of the bottom plate is 17.49MPa, and the difference with the measured data 

is less than 0.50. In the field calibration, the measurement error is always less than 5mm 

under the conditions of various working distances and sampling frequencies. For the bridge 

deflection measurement data, it is not only similar to the micrometer measurement method, 

but also differs from the GPS method by <1mm, and the maximum value of the vertical 

deflection of the bridge span in the measurement time period is 924.77mm.The image 

measurement algorithm based on machine vision realizes the real-time measurement of the 

stress and deflection under the asymmetric load of the bridge through higher measurement 

accuracy and lower measurement cost. 
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