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ABSTRACT 
 

Several vision-based structural health monitoring (SHM) approaches have been developed since early 

1980s. With the advancement and wide availability of digital video cameras, compounded with the 

development and enhancement of image analysis methods, vision sensor as a new approach of using a 

video camera has become a viable alternative and/or complementary method to remotely capture the 

motions of the structure. This paper presents the methods of applying computer vision algorithms and 

the development of the software tool for extracting the displacements, strains, velocities and 

accelerations of the desired points or areas (templates) from video images, demonstrates the applications 

of the approach for monitoring a highway bridge, explains the challenges in developing robust and 

accurate vision sensor as an effective solution for SHM practice. 

 
 

1. Introduction 
 

To monitor the engineering structure, a network of sensors, such as accelerometer or strain gage, are 

commonly used. The sensory data collected can be further processed for obtaining the features such as 

the natural frequencies and modal shapes [1-2]. Although with powerful processing module, data from 

this type of sensors can yield a greatly accurate result of the structural features, the deployment of such 

monitoring networks has some limitations. For example, installing the electrical wires to power these 

sensors, depending on the dimensions of structure, may lead high cost and labour, traffic interruption 

and difficult installation in many cases. On the other hand, a new monitoring method using high-speed 

camera and computer vision techniques [3-4] starts to draw researchers’ attention, considering its good 

quality on cost and flexibility. The new monitoring system uses camera to remotely collect images of 

the target structures in remote. Since dynamic features are hidden in more subtle changes in these images, 

powerful computer vision algorithms are used to fetch basic physical information first, such as 

accelerations, velocities or displacements of the interested points. Due to the limitation of optical devices 

and error introduced in the computer vision algorithm, the data is not as accurate as results sampled by 

high sensitivity sensors. However, the ease of deployment and low installation cost still encourage 

researchers to improve their algorithms.  

 

Previous work has implemented many well-known algorithms including digital image correlation [5-9], 

pattern matching [10], and orientation code matching [11-13]. However, most conventional methods are 

heavily dependent on the brightness of the targets and hence the light and the weather may affect the 

performances. In this paper, an effective approach has been formulated by using the phase-based method 
[14] and template matching methods, together with response denoising techniques for structure health 
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monitoring. An integrated framework and software tool have been developed, validated with the test 

dataset of a reinforced concrete wall in a large structure lab and applied to a highway bridge, where a 

permanent monitoring system using accelerometers and strain gauges has been installed and used as 

comparison baseline to further validate the vision sensing approach.  

 

2. Method Formulations 
 

Two types of methods, phase-based method and template-matching methods, have been developed for 

vision-based SHM.  
 

2.1 Phase-based Method 
 

Responses such as the velocities at predetermined points are extracted from a video in three steps. The 

first step is to convert each frame of the videos to grey scale frame if it is colour. Then the complex filter 

is applied to obtain the local phases of each frame by convolution operation. Finally, by tracing the 

change of the local phases at the interesting points, the velocities are calculated. When the overall 

lighting condition does not change in the whole video, the intensity of a small target or an interested 

point will be constant, even though the point keeps moving. For the 1D case, if x represents the position 

of the interested point, and I(x, t) denotes the intensity of this point at time t, then the intensity of the 

point forms a contour of constant intensity with respect to time, that is:  

 

I(x, t) = c           (1)  

 

The derivative of the intensity with respect to time is given as  

 𝜕𝐼𝜕𝑥 𝜕𝑥𝜕𝑡 +  𝜕𝐼𝜕𝑡 = 0           (2)  

 

Therefore, the velocity of the point movement in x direction can be obtained as  

 𝑈𝑥 = (𝜕𝐼𝜕𝑥)−1 𝜕𝐼𝜕𝑡           (3)  

 

Similarly, the velocity in y direction can be obtained. The extracted response may not be the actual 

response of a structure. It may contain the motions induced by the camera vibration and other noises 

caused by external factors. The methods have been proposed for cancelling video camera vibration from 

the responses and further denoising the responses. 

 

The extracted response may not be the actual response of a structure. It may contain the motions induced 

by the camera vibration and other noises caused by external factors. The methods have been proposed 

for cancelling video camera vibration from the responses and further denoising the responses [15].  

 

2.2 Template Matching Methods 
 

In phase-based method, the horizontal and vertical velocities of a predetermined point can be extracted 

from the video. Afterwards, the corresponding horizontal and vertical displacements can be obtained as 

well through integration. In contrast, template matching methods directly track the displacement of a 

selected area or the template in the first frame of the video.  

 

Template matching methods work in three steps. Firstly, a template is selected from the first frame of 

the video. Ideally, the template can be of any shape. But in practice, for the ease of implementation, 

usually a rectangle template is preferred. Secondly, the horizontal and vertical pixel displacements are 

extracted using one of the template matching methods. Thirdly, the pixel coordinate displacement is 

converted into structural actual displacement using a scaling factor based on the image size. Using the 



 

 

 

displacement information, velocity, acceleration and strain information of the structure can also be 

extracted. Template matching method is robust to illumination and contrast but it requires the template 

to have enough features to distinguish it from its surrounding area. 

 

A set of template matching methods are implemented in our vision sensor tool, namely, (normalized) 

squared difference (SQDIFF), (normalized) cross correlation (CCORR), (normalized) correlation 

coefficient (CCOEFF), rectangular histogram of oriented gradients (RHOG)[16], projection and 

quantization of the histogram of oriented gradients (PQHOG) [17].  

 

All these methods essentially share the same idea: sliding the template from the subsequent frames of 

the video and comparing the similarity between the template and the image patches. In SHM, since the 

displacement is small, the template slides in width and height direction one pixel by one pixel. An 

indicator metric is defined and computed in each location to represent how similar if the template is 

matched to here. The similarity map is also generated in this way. Afterwards, a global search of either 

the peak or the bottom of the map will find the best match. The difference of these methods is with 

regard to how to define and compute the similarity.  

 

SQDIFF, Normed-SQDIFF, CCORR, Normed-CCORR, CCOEFF and Normed-CCOEFF are 

traditional template matching methods in computer vision algorithms. The similarity indicator can be 

computed as the summation of the intensity difference over the template and image patch. If it is a 

coloured image, the difference is computed over the colour (RGB) channels. The displacement of the 

template from every subsequent frame is extracted with respect to the location of the template in the 

first frame. Unlike the traditional template matching method discussed above, both RHOG and PQHOG 

are feature descriptors. They are variations of grids of Histograms of Oriented Gradient (HOG) 

descriptors by Dalal et al. [18].  The authors compute HOG descriptors and then use linear SVM classifiers 

to train them for human detection. However, in SHM, for fast computation, L1 norm distance and H-

r(t)-similarity are used for RHOG and PQHOG codes similarity measurement instead. 

 

 
Figure 1 Flow chart of template matching methods 

 

With template matching method, the accuracy of the displacement result can be at most one pixel. This 

is only satisfying when the video is of high resolution and/or the camera is very close to the target. To 

overcome this limitation, subpixel method is also implemented in order to increase the accuracy of 

template matching methods. Specifically, bicubic interpolation which is an extension of cubic 

interpolating data points on two-dimensional grid is adopted and implemented. With this improved 

feature, the accuracy of the displacement is no longer limited to one pixel. The number of segments to 

divide between one pixel can be specified. The more segments to divide, the more accurate the result 

will be. However, it will also take longer time to process. The overall flow chart of template matching 

method is shown in Figure 1. 

 



 

 

 

3. Implementation 
 

An integrated software tool VS Extractor [15], employing the phase-based method and response denoising 

and camera motion cancellation, has been extended to implement the template matching methods for 

processing the SHM videos. It can extract velocity and displacement information of the selected 

locations or the templates in the video images and graphically show the result to the users. To ensure 

the best processing performance, the algorithm is implemented in a dynamic linked library in C/C++; 

an open library OpenCV is utilized; the user interface is implemented as a window form application.  

 

 
Figure 2 Welcome interface of VS Extractor 

 

 
Figure 3 Applying template matching methods for SHM 

 

In order to enhance the computational efficiency for template matching methods, Region of Interest 

(ROI) is defined and enabled. Instead of searching the template in the entire frame, the tool only tries to 

locate the template in the surrounding area. This requires the user to have some prior knowledge of the 

video. For example, how far away the template can deviate from its original position. In practice, this is 

almost always possible because in SHM, the movement of the template is generally very subtle (usually 

less than 20 pixels). Figure 2 shows the welcome interface of the software. The user can select the video 

and choose the method. The first frame of the video, frame rate and the number of frames will show up 

automatically. The work flow of phase-based method has already been demonstrated by Wu, Mo and 

Pan [15]. Figure 3 shows the interface of applying template matching method. The user first needs to 



 

 

 

define the input. This includes selecting the video and template and defining the region of interest. The 

template is drawn on the frame. Secondly, the user will choose which method they want to use. They 

will also need to set the parameters based on the method they choose and their prior knowledge about 

the video. Finally, the displacement information will be extracted. Users can watch the displacement in 

the dynamic plot or they can save the data for further analysis.  

 

4. Example Applications  
 

4.1 Concrete Wall Test  

The developed methods are applied and validated on the lab experiment conducted by Purnam and Pujol 
[19], which will be referred as concrete wall test later. Complete dataset is available including the 

dimension of the wall, the video, the displacement and strain measured by the sensors when the video 

is taken. The video was recorded using a Nikon D3300 DSLR camera at 30 frames per second. The 

camera was set on a tripod which was placed in front of the specimen.  

Figure 4 and 5 show the concrete wall test setup and its crack, the location of LVDT sensors and strain 

gauges respectively. Seven LVDT sensors were used for measuring the displacement. They are placed 

symmetrically between mid-span. The ones in the middle, for example LVDT 2, 3 and 4, have larger 

displacement because the external force and the crack are around the mid-span. Besides, there are 5 

optic strain sensors to measure the horizontal strain between targets. Similarly, strain sensor 3 have the 

largest strain. The recorded video shows that a crack started to grow as the external force increased, and 

the load continued to increase until the crack grown until the wall collapsed. 

 

 
Figure 4 Reinforced concrete wall with LVDT locations 

 

 
Figure 5 Location of strain gauges 

 

4.1.1 Displacement Test 
Phase-based method and three template matching methods: normalized correlation coefficient (NCC), 

RHOG and PQHOG are tested. LVDT 6 and 7 are placed on the north and south support platforms and 

the vertical displacement is around 0. Therefore, the result comparison of these two sensors are excluded.  

 



 

 

 

Since the data is measured with a high frequency, the average of the data points from the LVDT and 

vision sensors are taken to compare. The impact of noise is reduced as well. Figure 6 shows the 

displacement result comparison of the 5 LVDT sensors. The comparison shows that all methods produce 

good results. They match pretty well with the actual displacement.  

 

For phase-based method, the maximum displacement it can measure is 7 pixels. Therefore, when the 

displacement is large, it has a less magnitude than the other methods and the real data. For template 

matching methods, after 45 seconds when the failure occurs, there is also a discrepancy of magnitude 

between LVDT and vision sensor. This is because the data collected by LVDT sensors after the failure 

is not reliable.  

 

 
(a) Displacement (inch) at LVDT1 

 

 
(b) Displacement (inch) at LVDT2 

 

 
(c) Displacement (inch) at LVDT3 
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(d) Displacement (inch) at LVDT4 

 

 
(e) Displacement (inch) at LVDT5 

 

Figure 6 Comparison of displacements measured by LVDT sensors and vision-based methods 

 

4.1.2 Strain Test 

 
The strain between two points is defined as the relative displacement at each degree of freedom (DOF) 

divided by the distance at the corresponding DOF between the points. In the concrete wall test, since the 

external force is in vertical direction, horizontal strain is of interest. For phase-based method, in order 

to get the horizontal displacement, points on vertical edges should be selected. However, unfortunately, 

in this video, it is hard to find any strain gauge that has a vertical edge. Nevertheless, three template 

matching methods: NCC, RHOG and PQHOG are tested as discussed above. Figure 7 shows the result 

of optic strain sensor 18-21 which is strain gauge 3 marked in Figure 5. All these methods produce good 

results. From the bar graphs, it shows that in 20 seconds before the failure, all methods can extract the 

strain accurately. From the relative error bar graph, the maximum error is around 5%. Generally, all the 

three template matching methods can extract strain accurately. 
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(a) Strains measured by strain sensor and vision-based methods at target 18-21  

 

 
(b) Strains measured every second by strain sensor and vision-based methods at target 18-21  

 

 
(c) Relative errors of strain measured at every second by strain sensor and vision-based methods 

at target 18-21  

 

Figure 7 Comparison of strains measured by stain sensor and vision-based methods 

 

4.2 Meriden Bridge Monitoring Sensors 
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The developed method has been applied to the real structure, the in-service highway bridge, Bridge No. 

03051, in Meriden CT, as shown in Figure 8. The bridge was built in 1964, located on I-91 Northbound 

in Meriden, Connecticut USA. It is a simple-support single-span eight-girder steel composite bridge of 

85 feet long and 55 feet wide. It has less than a 12% skew and 3% longitudinal slope. A wired long-term 

bridge monitoring system with a total number of 38 sensors has been installed on the Meriden Bridge 

for research purposes for both structural health monitoring (SHM) and bridge weigh-in-motion (BWIM). 

The sensors include 18 foil strain gages, 4 piezoelectric strain sensors, 8 piezoelectric accelerometers, 4 

capacitance accelerometers (with additional temperature sensing capability), and 4 resistance 

temperature detectors. Details of the bridge and the monitoring system can be found in Christopher et 

al. [20-22]. 

 

As illustrated in Figure 8, the test was conducted by setting the video camera on side of the cross road. 

A Pointgray USB 2 camera was used for capturing the videos of the bridge. It has the maximum 

resolution of 1280*1024 pixels and the maximum frame rate of 120. The camera was mounted on a 

tripod, which was set up on the side of the cross road, located at about 150 feet away from the west side 

of the bridge, and connected with a laptop computer with USB cable.  

 

 

(a) Video capture in the field   (b) Video analysis with VS Extractor 

Figure 8 Meriden bridge test with video camera as sensor 
 

Strain data from vision sensor and real sensor is compared. However, this test does not always give good 

result. In terms of micro strain comparison, template matching methods produce some promising results 

as shown in Figure 9(a). The mismatched strains, as shown in Figure 9(b), may be due to (1) not enough 

synchronized data from the video and the data acquisition system; (2) the camera not set at a proper 

height or angle and (3) impact of the traffic passing by the camera. 

 

 
(a) Comparison of strain measured by strain gauge and vision-based NCC method 
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(b) Comparison of strain measured by strain gauge and vision-based RHOG method 

 

Figure 9 Comparison of strains measured for Meriden bridge  

 

5. Conclusions 
 

In this paper, both phased-based and template-matching methods have been developed for SHM using 

video camera as a sensor. An integrated software tool has been implemented to extract displacement, 

strain and velocity of an interested point or a template from the first video frame. The approach has been 

validated with the lab experiment and a real highway bridge with conventional sensors. The vision 

sensor results are compared with those obtained by conventional sensors. The comparison shows that 

the proposed method and tool can produce the good results compared to the displacement sensor and 

strain gauges. This proves that the vision sensor provides a promising alternative for structural health 

monitoring in practice. However, field test reveals that future research will be needed to focus on 

extending the method for the large-scale engineering structures.  
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