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Abstract 

 

Applications of vision-based technologies are becoming more prevalent in deformation 

monitoring of civil structures, especially bridges. Feature recognition, detection and 

tracking algorithms are developed to analyse structural response. For example, 

movements of structural features such as bolts in steel bridges can be tracked when a 

truck crosses a bridge. In order to measure small structural movements, good quality 

and high resolution images are needed. Developments in smartphone technologies have 

resulted in very good quality on board cameras. Bridge inspectors could use smartphone 

technologies during visual inspections as they are readily available. Cameras have been 

used in structural deformations monitoring, however, the challenge is to make sure that 

the camera is placed in the same location to allow accurate comparison. This study 

explores if multi-epoch imaging approach can be used to collect accurately structural 

displacements when capturing images of a structure from different positions. A 

laboratory beam served as a testbed. Smartphones placed at different positions were 

used to capture deformations of the beam in healthy and damaged states. Structural 

feature were selected, and their location were estimated from images. Feature locations 

from all smartphones were transformed to the reference coordinate system as derived 

from one smartphone. Results show that feature locations can be accurately transformed 

to the reference coordinate system, from which difference between undamaged and 

damaged states of the beam can be recognized.  

 

1.  Introduction 
 

Main drivers affecting bridge performance are large traffic loads and environmental 

effects such as continuously changing ambient temperature to which bridges are 

regularly exposed (1). In order to assure that bridges are safe to use and fit for purpose 

while being subjected to the variety of loadings, general (visual) inspections in the UK 

are carried out every two years (2). Visual inspections are frequently subjective and rely 

on inspectors’ decisions (3). This subjectivity can be minimised, when structural 

response to known loads is measured. Sensor systems can be deployed to monitor and 

learn about the bridge performance and support asset management. Conventional sensor 

systems consist of contact sensors and data acquisition and transmission units. Their 

installation is usually difficult involving risks related to the access of sensor locations 

and working at heights and causing traffic disruptions (4). These could be minimized 

significantly using non-intrusive laser- or vision-based technologies such as cameras 

(5).  

 

Today vision-based systems are becoming more prevalent than years ago. However, 

challenges that need to be addressed before they become robust, reliable and ubiquitous 

still remain. Main challenges involve an estimation of accurate engineering 
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measurements, a provision of a fixed position of the camera and variation of lighting 

(6). An important factor to consider when deciding to employ cameras in long-term 

continuous monitoring are temperature variations which cause large measurement errors 

(7). Furthermore, the provision of stable and secure locations, robust cameras and online 

data access is needed. Another option is to carry out short-term static load tests, in 

which a truck with a known weight such as an AASHTO HS-20 design truck, is driven 

over the bridge (8). In this scenario, thermal effects can be neglected and the bridge 

under loading can be monitored using stationary cameras or unmanned aircraft system 

(9, 10). Structural response such as vertical or total displacements can be estimated from 

collected images or recorded videos in real-time.  

 

Static and dynamic bridge response could be measured during visual bridge inspections. 

Such information would be less subjective to human errors and could be compare with 

measurements obtained from previous inspections. The load-response chain would only 

change if the structure was damaged or previously unseen loads were applied, such as 

during the maintenance. In past years, smartphone technologies with their embedded 

cameras and supporting software have developed rapidly. For example, Samsung S9 can 

record ultra-high-definition 4k (3840 x 2160 pixel) videos at 60 frames per second and 

high-definition (1280 x 720 pixel) videos at 960 frames per second. Smartphones have 

the capability to capture images comparable to professional cameras, therefore 

broadening their applications and opening opportunities to explore them in the structural 

monitoring field.  

 

The premise of this study is that relationships between multiple structural features such 

as bolts in cast iron bridges remain the same even when images of the structure are 

taken from different angles. The assumption is made that these features are located on 

the same structural plane. This study employed smartphone technologies to investigate 

(i) if the location of structural features could be accurately located from images 

collected at different angles, (ii) if structural response could be accurately estimated (iii) 

and if measured response is accurate enough to detect damage. A timber beam with 

artificially drawn structural features served as a testbed. The beam was subjected to 

static load tests in healthy and damaged conditions. While the beam was undergoing 

load tests, smartphones were used to collected images, from which marker locations 

were obtained and transformed to the selected reference plane.  

 

2. Position independent multi-epoch imaging approach 
 

When measuring structural response of a bridge using vision-based technologies some 

assumptions and estimations have to be made to find a converting ratio, which can be 

used to express pixel values to world units. The most common practice is to use a 

checkerboard, which has black and white squares with known dimensions, to derive a 

converting ratio. It is also possible to use the size of a known element such as bolt or 

structural section. These methods work well when collecting static and dynamic 

structural response over a period of few hours where the camera can be left at the same 

position (11). But if response needs to be collected periodically, say every months, 

placing a camera at the exactly same location and assuring that it captures the exact 

extends of the structure is very challenging. Furthermore, the specification of object 
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boundaries or known distance, which was used previously (unless a permanent checker 

boards was installed), might also become challenging.  

 

This study proposes a camera position independent approach for vision-based 

measurement collection and analysis. This section describes the methodology employed 

to collect accurate bridge response measurements from different camera positions. 

Images of an entire structure or a part of it are collected for condition assessment. A set 

of structural features is selected. Their movements are measured when known loads are 

applied. It is assumed that these features are located on one plane to avoid parallax 

effect. 

 

2.1 Laboratory validation assumptions 

 

The proposed multi-epoch image collection approach was validated using a laboratory 

structure, which was tested in both undamaged and damaged conditions. In real-life 

scenario, one smartphone could be used during inspections. However, in order to obtain 

reliable and comparable measurements, in this study, three smartphones were employed 

to collect images of the laboratory structure, which is a cantilever beam (see Figure 1). 

One smartphone was used to generate reference data. This is thought to be the first time 

when the structure is inspected. The other two smartphones were used to validate if 

similar data can be obtained from different positions. These could be positions of 

smartphones in the next inspections. Locations of selected structural features are 

extracted from the images. In this study, artificial markers are considered as structural 

features, however, in real-world structures, bolts or surface patterns can be chosen. 

Locations of markers were derived using DeforMonit, which is an image processing 

freeware developed at Nottingham Trent University (NTU) by R Kromanis (12).  

 

 
Figure 1. Position independent measurement approach. 

 

To validate the proposed approach, marker coordinates obtained from a reference 

smartphone are used to generate a transformation matrix that transforms marker 

coordinates estimated from images collected with other two smartphones to the 

reference coordinate system. The accuracy of the marker transformation is tested on 

marker locations that are not included in the generation of the transformation matrix. 

For illustrative purposes, consider that two smartphones capture a part of the beam 

(from Figure 1) with artificial markers on its surface. The smartphones are set at 

different angles to the beam. A closer view of the captured images is shown in Figure 2. 

The coordinates obtained from both images are derived using an image processing 
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algorithm. Marker locations from the image shown in Figure 2 (a) are selected to define 

reference plane/coordinate system. Control points from both sets of marker locations are 

selected and a transformation matrix is generated. The matrix is then used to transform 

marker locations obtained from the image in Figure 2 (b) to the reference coordinate 

system. The deviation ( ) between the reference ( ) and transformed ( ) location of  

marker ( ) are used to evaluate the accuracy of transformation matrix (see Equation 

1). is expressed in terms of pixel values.   

  (1) 

where  and  are coordinates of  on  and  axes.  
 

 
Figure 2. Marker coordinate transformations approach: (a) and (b) part of the structure shown in 

Figure 1 as captured with different smartphones. 

 

3.  Damage detection from structural feature locations 
 

The damage detection approach proposed in this study consists of two phases: 

identification of baseline conditions and condition assessment (see Figure 3). In both 

phases images of a structure under static loads such as crossings of heavy vehicles are 

collected and processed. In the first phase baseline conditions indicating the current 

state of the structure are identified. In static tests, load-response relationship can be 

considered. The axle loads of a vehicle can be measured with weigh-in-motion sensors 

(13). Structural response such as vertical deformations are estimated analysing images 

that are taken while vehicles cross the bridge. Structural features such as bolts or steel 

joints are selected. Their locations in a two-dimensional coordinate system (image 

frame) are estimated for no load periods and periods when loads are applied. In the 

second phase, which is repeated as frequently as required, the load-response relationship 

is estimated similarly to the identification of baseline conditions phase. The only 

difference is that the locations of features are compared against baseline conditions. 

This is common and frequently used practice when contact sensors are employed (14). 

However, when considering vision-based systems, locating a camera in exactly the 

same place where it was located at the collection of images for the baseline conditions is 

a challenging task. This, however, is dealt with using the proposed multi-epoch image 

collection approach. 
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Figure 3. Multi-view measurement collection and analysis approach. 

 

In this study the structure was tested in both healthy and damaged states. The difference 

of the marker displacements are compared. If displacements of markers vary from 

baseline conditions when the beam is subjected to the same load, damage is detected. In 

this study the marker displacement in vertical and horizontal axes are converted to toatal 

displacement which is considered as a damage sensitive feature. Total displacement ( ) 

at  marker for  smartphone ( ) is calculated from estimated marker coordinates at 

load ( ) and no load ( ) conditions as follows: 

 

  (2) 

 

4.  Laboratory tests 
 

A laboratory testbed was set-up in the structures laboratory at NTU. Coordinates of 

artificial markers of the testbed were obtained when no load and load were applied to 

the beam in undamaged and damaged conditions. Structural response estimated from 

marker locations were analysed for damages.  

 

4.1 Laboratory test set-up 

 

A timber cantilever beam served as a testbed for this study. The beam was 950 mm 

long, 45 mm wide and 70 mm high (see Figure 4). Multiple artificial markers were 

drawn on its surface, out of which 10 markers were selected to obtain beam 

deformations and validate the proposed structural condition assessment approach. Beam 

deformations were collected during a static load test in which the beam was in healthy 

and damaged conditions. 100 N load was manually applied at the free end of the beam. 

Damage was created by removing a 40 mm timber block from the bottom (tensile side) 

of the beam. The centre of the block was located 465 mm from the beam support.  
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Figure 4. Laboratory beam supported at the left end and loaded on the right end. Markers (Mi, 

where i=1, 2, …, 9) were drawn on the surface facing the camera. The rectangular area hatched in 

red represents the damage location. 

 

Three smartphones were used to obtain beam deformations (see Figure 5). Images were 

taken at a rate of 1 frame per second. The first images of the undamaged beam collected 

with all smartphones are shown in Figure 6. S1 (Samsung A3) and S2 (Samsung A5) 

were located at the same height as the beam (Figure 6 (a) and (b)) allowing to capture 

the front view from a slightly different angle. Figure 6 (c) shows a projective view of 

the beam, in which the right end of the beam looks as if it was larger than the left end. 

This image was captured with S3 (Samsung S8). The first image collected with S1 was 

selected as the reference image. It is used to derive marker locations representing 

structural plane. 

 

  
Figure 5. Timber beam at no load: (a) location of smartphones (Sj, where j = 1,2,3), (b) images 

collected with S1, S2 and S3. 

 

4.2 Verification of marker transformation  

 

In total 10 markers were chosen and selected in all images. Their locations on  and  

axes were calculated using image processing analysis. Four pairs of widely distributed 

control points (reference points and points that need to be transformed to the reference 

coordinate system) are selected to generate a transformation matrix. To evaluate the 

performance of the transformation matrix, the total error between reference points and 

transformed points are computed for points that were not used to derive the 

transformation matrix.  

 

The smallest prediction errors for S2 and S3 were obtained using M1, M2, M5 & M9 

and M1, M5, M8 & M10 respectively as control points. The marker locations obtained 

for the combination of the listed markers were used in later sections. The minimum and 
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maximum pixel errors for S2 and S3 were 2.0 & 1.8 pixel and 6.0 & 11 pixels 

respectively. The accuracy of the matrix transformation can be attributed to the 

accuracy of the derived marker locations. The centre of the marker (blob) is used as the 

marker location. The centre of a particular marker might be calculated at a slightly 

different location in images taken from different angles or different light conditions. 

This factor needs further investigation and, for the reasons of brevity, is not included in 

this paper. 

 

4.3 Structural response 

 

Total displacements of markers (see Equation 2) when the undamaged beam is 

subjected to the load are shown in Table 1. The values are obtained from the image 

taken with S1. The total displacement of markers located farther from the beam support 

is larger than that of the markers located closer to the support. This was expected for a 

cantilever beam. 

 
Table 1 Total marker displacements as estimated from images taken with S1 when the load is 

applied to the beam 

 M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 

[pixel] 1.3 2.5 5.8 10 16 19 2.2 5.7 10.3 16 

 

The plot of all marker locations are shown in Figure 6 (left). Overall, transformed 

marker locations match well with the reference marker locations. Figure 6 (right) shows 

a closer look at M4 location. Location of M4 has the highest deviation from the 

reference marker for both S2 and S3 (see Figure 7). Calculated M4 locations do not 

coincide, however, there is a trend between the locations at no load and load conditions. 

As mentioned previously, such deviations can be attributed to the differences arising 

when determining the centre of a marker in the image processing phase. This is 

explained in Figure 7, where deviations between marker locations estimated from S1 

images and S2 & S3 images are derived. The bar graph shows that total deviations for 

marker locations for no load and load conditions are smaller than 5.5 pixels for S2, 

however, deviations obtained from S3 are as high as 11 pixels.  

 

 
Figure 6. Plot of all marker coordinates (left) and a closer look at M4 coordinates (right) obtained 

from all smartphones with and without load. 
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Figure 7. Bar plot of pixel deviations between S1 and S2 & S3 for no load and load states of the 

beam.  

 

4.3 Damage detection  

 

Time histories of M9 total displacements obtained from images collected with all 

smartphones and calculated after transforming marker location to the reference 

coordinate system are shown in Figure 8. Measurement peaks represent periods when 

loads were applied. A slight change in displacements can be observed when looking at 

two peaks. This indicates the increase of total deformation after the beam was damaged. 

The deviation between total displacements of reference and transformed markers were 

considered as damage sensitive feature. 

 

 
Figure 8. Time histories of total displacements for M9.  

 

The total displacement for each marker when the beam was subjected to loading while 

being in both healthy and damaged states are showing in Figure 9. Total displacements 

of markers to the left of the damage – M1, M2 and M7, were not expected to be affected 

when the beam was damaged. From the total displacements obtained from S2 and S3 

the damage cannot be reliably located without prior knowing of the damage location. 

Sums of total deviations for (i) S2 and S3 in undamaged and damage scenarios are 1.3 

pixels & 2.9 pixels and 3.5 pixels & 5.1 pixels respectively and (ii) S1 in damaged 

scenario is 2.3 pixels. The sum of deviations of the undamaged beam as calculated from 

S2 is 1.3 pixel versus 2.3 pixel of damaged beam calculated from S1. This alone might 

raise false alarms suggesting that other damage sensitive parameters such as strains and 

tilts could be derived from marker locations to assess structural conditions.  

 

When comparing total displacements of undamaged and damaged beam as captured 

with S1, large deviations are found for M4, M5, M6, M9 and M10. These markers are 

located to the right of the damage location (away from the support). M8 is right next to 

and M3 is just above the damage location, however, total displacement values for these 

markers are small and deviations between these values are almost negligible. 
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Figure 9. Deviations of total displacements between S1 and S2 & S3 for healthy and damaged states 

of the beam subjected to loading.  

 

Overall, the experimental tests provided a good insight in problems that have to be 

addressed before the multi-epoch image collection approach can be adapted for the 

condition assessment of full-scale structures. Deviations of marker locations from one 

camera to another camera can be related to the way the marker coordinates were 

computed from images. The selected image processing freeware (DeforMonit) analyses 

a user specified region of interest within which lies a marker. The centre of the blob is 

calculated using maximally stable extremal regions algorithm. The centre of a marker 

might be estimated at a slightly different location when analysing images that are 

captured from different camera positions. Another algorithm or method could be 

employed to validate if the centre of markers can be accurately identified. To determine 

structural damage, it is also important to consider the deviation with or without load for 

a range of widely distributed markers. 

 

5.  Conclusions 
 

This study introduced a smartphone application for damage detection from static load 

tests using a position independent imaging approach. The premise is that the selected 

structural features are located on one plane and their locations viewed from different 

positions can be reconstructed using matrix transformation. The ideal was demonstrated 

on a cantilever beam on which artificial markers were drawn. In real-world bridges, 

these could be bolts or any other structural features. Results demonstrated that: 

 

• Accurate transformation matrices were generated when selecting four widely 

distributed control points. With some exceptions, marker locations of the 

transformed markers were close to locations of reference markers. 

• Total deviations between reference and transformed marker locations for no load 

and load conditions remained fairly similar even for transformed markers having 

large (10 pixel) deviations from the reference markers. This suggests that deviations 

between reference and transformed marker locations might be attributed to 

calculations that were used to estimate the centre of markers. 

• Damage can be detected when comparing S1 and S2 results, especially, when 

looking at sums of total deviations. However, damage location can only be 

identified when analysing total displacements derived from images collected with 

S1. 

 

Future studies should evaluate the accuracy of image processing algorithm to estimate 

correctly the location of structural feature. This could be done on a testbeds with many 

idealized artificial features that are drawn at known distances or using grids.  
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