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Summary 
Owners of civil engineering structures, for example bridge owners, manage geographically 

dispersed networks comprising major elements of ageing infrastructure that are very susceptible 

to natural hazards. Consequently, transport agencies must address maintenance issues to 

guarantee serviceability and safety. This includes increased inspections and investing into 

structural health monitoring (SHM) programs. Inspections of existing infrastructures are usually 

scheduled during their service life to evaluate their health and as part of proactive maintenance 

where future deterioration is anticipated. Typically, a routine inspection consists of field 

measurements and visual observations made by inspectors. However, disruption to civil 

structures services, e.g. communications and transportation, is increasing, due to scheduled 

maintenance works, visual inspection, etc. 

The main purpose of SHM in concrete civil structures is to collect information such as 

geometry, previous and ongoing concrete deterioration, steel rebar corrosion, water seepage, 

concrete cover delamination, deflections, or settlements, etc. The way such data are 

documented is through field inspection notes, freehand sketches, and photographs. Oftentimes, 

the data is stored in different systems and data collection and visualization still relies on paper-

based record keeping processes. In addition, the procedure is highly dependent on the 

inspector’s experience (Phares, et al., 2004), and knowledge of the structural behavior, together 

with the material properties of the system being investigated. The method has its limitations in 

the sense that only accessible parts are investigated due to time shortage, safety issues, or the 

difficult terrain in which the structure is sometimes located. This is especially true for large 

structures, such as bridges, where investigating the whole area would be highly time-

consuming and potentially unsafe (Dabous, et al., 2017). Honfi et al., 2018, noted that the 

inspection’s duration is highly dependent on the bridge span (less than 10m can amount to 0.5 

days and bigger than 100 m can amount to 20 days). In addition, defects can only be detected 

when their presence is visible to the naked eye, so they may already affect the life of the 

structure. Graybeal et al., 2002, noted that routine inspections have relatively poor accuracy, 

with the following factors affecting the reliability of these results: inspector fear of traffic, 

different visual acuity, color vision, accessibility, and complexity. Furthermore, knowledge 

transfer from one inspection period to another becomes difficult when different inspectors 

carry out the investigation. Therefore, there is a strong need to identify new inspection and 

monitoring techniques for structures to reduce disruption, and improve the efficiency and 

reliability of the acquired data. 

With the expansion of the low-cost consumer cameras, photogrammetry could play an 

important role in supporting SHM on existing concrete civil structures. The researchers have 

a well-proven experience in applying photogrammetry for determination of failure 

mechanisms in concrete structures, defect detection, and monitoring full-field deformations. 

In a preliminary study by Popescu et al., 2019, the performance of three different techniques, 

including photogrammetry, laser scanning, and infrared scanning, have been evaluated for 

digital model generation. They utilized these techniques for six railway bridges located in 
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northern Sweden, and obtained acceptable performance of photogrammetry for 3D model 

generation in existed structure. 

Therefore, the current project will contribute with developing optical alternatives to 

complement the existed techniques, which are low-cost, suitable for field application, and 

easily deployable. For this, all the objectives, research questions, and scientific approach is 

defined on the first chapter of this thesis. Then, the procedure of digital model generation with 

photogrammetry, including field deployment, data acquisition and 3D model reconstruction 

phases, expressed in the second chapter. The third chapter is about autonomous structural 

assessment. This chapter arranged in two sub-chapters, including geometrical deviation 

assessment and defect detection. In geometrical deviation assessment part, all the efforts 

performed on point-cloud analysis to find deflections are presented. Then, autonomous defect 

detection, application of computer vision technique, is expressed in the next sub-chapter. On 

this part, input data is image data, and convolutional neural network (CNN) algorithms applied 

to approach defect localization and segmentation. Thereafter, fulfilled efforts for utilization of 

data correlation in optical data interpretation is presented on chapter four. The idea of this 

chapter is prediction in-depth information based on collected optical data from the surface of 

structure. For this end, digital image correlation (DIC) technique, as a high accurate 

monitoring system, is used for data collection. Then, the correlation of collected optical data 

with in-depth data, e.g. strain/stress on embedded reinforcement, is investigated. Finally, 

formulated research questions on the first chapter answered on the fifth chapter. In addition, 

preliminary needed future studies to fulfill aims and objectives of this PhD thesis is expressed, 

in chapter six, to be followed in the rest of this project. 

Overall, obtained results indicate that civil structure inspection on generated digital model is 

more reliable, productive, and accessible than traditional surveys. For digital model generation, 

photogrammetry technique is used, which is more efficient and cost-effective compared to the 

laser scanning, but improvements in accuracy and automation during the image acquisition 

phase are still required. To approach autonomous defect detection, cracks in a hard-to-access 

area were successfully detected and measured by pixel-wise segmentation on generated 

orthophoto from real-scale case studies. The proposed method has considerable potential in 

automated civil engineering structures inspection but some problems due to background noise 

remain to be overcome. The existence of noisy patterns such as shadows, dirt, snow or water 

spots on surfaces makes damage detection very challenging, especially for the fine cracks. 

Therefore, while the automated inspection technique proposed herein performs well, it clearly 

still requires supervision by a human inspector. 

 

Keywords: civil engineering structures; inspection; bridge inspection; computer vision; point-

cloud generation; geometrical deviation assessment; bridge 3D modeling; damage detection; 

damage segmentation; damage assessment; unmanned inspections;
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Notations 
 

Symbol Description Unit 

GSD The distance between the centers of two consecutive pixels on the target surface 𝑚𝑚
𝑝𝑖𝑥𝑒𝑙⁄  

FOV The area of the surface that is covered by camera 𝑚2 
WD Working distance r range of data acquisition 𝑚 

εLS,i Local strain in ith segment of embedded reinforcement (correspond to each 
segment, i= from 0 to n) 

[%] 

εLC,i Local surface strain in ith segment of RC member (correspond to each segment, i= 
from 0 to n) 

[%] 

fct Tensile strength of concrete MPa 

ρ Reinforcement ratio - 

σs Loaded stress on RC member MPa 

α Constant value depended on the concrete material and geometry - 

 

 

 

Abbreviation Description 

SHM Structural Health Monitoring 
UAV Unmanned Aerial Vehicle 
FOS Fiber Optic Sensor 
LVDT Linear variable differential transformer 
TLS Terrestrial Laser Scanning 
IS Infrared Scanning 
ROI Region of Interest 
CRP Close Range Photogrammetry 
DIC Digital Image Correlation 
DSLR Digital Single-Lens Reflex 
CNN Convolutional Neural Network 
GSD Ground Sampling Distance 
FOV Field of View 

WD Working Distance 
NDT Non-Destructive Test 
IPT Image Processing Technique 
SVM Support Vector Machine 
SfM Structure from Motion 
DSfM Dense Structure from Motion 
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1. Introduction 

1.1 Background 

Safety is highly important in engineering civil structures; especially ones used by human 

routinely like bridges. Biezma and Schanack, 2007, discuss the major reasons for the collapse 

of bridges with analysis of existing literature and historic events. The common reasons include 

overloading, safety factor deficiency, lack of maintenance and inspection, and events outside 

of human control, like natural hazards. Other than natural hazards such as earthquakes, the 

major reasons for structural collapse could be under control, if structural health monitoring and 

regular assessment carried out continuously. That is why weakness points of the engineering 

structure must be monitored periodically to avoid any unexpected or even catastrophic 

accidents. For this purpose, monitoring and measurement techniques must be determined to 

detect and monitor defects, which are prone to failure from aging or other external issues. The 

bridge inspection intervals vary from one country to another that is a result of different 

deteriorating factors in those countries. Table 1 summarized bridge inspection intervals in 

different countries. 

Table 1. Bridge inspection intervals in different countries (Hearn, 2007) 
Inspection 

interval 
U.S.A. Denmark Finland France Germany Norway 

South 

Africa 
Sweden 

United 

Kingdom 

3 months         Superficial       Superficial 

1 year   Routine Annual Annual   General Monitoring Superficial   

2 year Routine               General 

3 year       IQOA Minor     General   

4 year 
Routine 

48-month 
                

5 year     
General 

5-year 
    Major Principal     

6 year   Principal   Detailed Major     Major Principal 

8 year     
General 

8-year 
            

10 year In-depth                 

For 

project 
Special 

Economic 

special 
Special   Special Special 

Project-

level 
Special Special 

These inspections were standardized for each country; however, the inspection process can be 

subjective, with each inspector using a combination of inspection guidelines, engineering 

judgment and personal expertise to assess the condition of each bridge component (Phares, et 

al., 2001). The accuracy of the inspection is also limited by access to each structural element, 

including complex connections and hard-to-access areas. Currently, structural health is assessed 

primarily using visual inspection. Even though trained personnel perform visual inspection, 

there can be significant variability in the ratings assigned by each inspector. That is why these 
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inspections should be supplemented with quantitative data, which can be used to determine 

the condition of civil engineering structures more accurately. In addition, some types of 

damage are difficult to detect or quantify by naked eye human inspector. For example, small 

cracks are difficult to find, concrete spalling is easily identified but difficult to quantify, bulging 

or sagging of girders can be difficult to recognize or measure, and damage to internal 

components such as rebars and pre-stressed tendons are very difficult to diagnose. In addition, 

manual/traditional inspection has many certain disadvantages such as high cost/time 

consuming, different ways of quantification/documentation, and most important of all, hard 

to ensure safety of inspectors in complicated working environments. 

There are different techniques for detecting structural defects and deviations; main current 

approaches are listed, along with their main advantages and disadvantages, in Table 2. The 

most practical techniques can be chosen based on the type of structure, costs, location, external 

factors affecting the measurement, type of damage, automation and expected accuracy from 

the measurements. 

Table 2. List of main structural monitoring technologies along with their advantages and 

disadvantages, after (Hoag, et al., 2017) 

Monitoring Technology Advantages Disadvantages 

Classical 
methods 

Accelerometers 
• No fixed reference required 

• Can be wireless 

• Measurement drift due to 

noise, when used for 
displacements 

Inclinometers 
• No fixed reference required 

• Can be wireless 

• Multiple locations or other 

data required for displacements 

Strain gauges 
• No fixed reference required 

• Can be wireless 

• Multiple locations or other 
data required for displacements 

GPS 
• No fixed reference required 

• Can be wireless 

• Low accuracy 

• Access required 

Laser Trackers • High accuracy 
• Expensive 

• Access required 

Fiber optic sensor (FOS) 
• High accuracy and 

repeatability 

• Common technology 

• Expensive 

• Requires contact with 
structure 

Digital 
Image 

Techniques 

Digital image 
correlation 

(DIC) 
• Non-contact 

• High accuracy 

• Requires line of sight 

• Requires scale factor 
Close range 

photogrammetry 

Terrestrial Laser Scanners 
(TLS) 

• Non-contact 

• High accuracy 
• Expensive 

Visual Inspection 
• Industry standard 

• Global picture of structure 

• Highly subjective and variable 

• Surface only 

Infrared scanning (IS) 

• No fixed reference required 

• Fast inspection 

• Non-contact 

• Expensive instrumentation 

• Require qualified personnel 

Imaging with Red-Green-
Blue depth (RGB-D) 

• No fixed reference required 

• Non-contact 

• Expensive instrumentation 

• Require qualified personnel 
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Instruments such as strain gages, accelerometers, fiber optic sensors, and displacement 

transducers are becoming more common in structural health monitoring (Doebling, et al., 

1996) (Sohn, et al., 2003). These types of sensors generally possess several drawbacks such as 

requiring external power, cabling/antenna for data transmission, and they only measure at 

discrete points or along a line. These sensors can be used effectively to continuously monitor 

for abnormalities that indicate damage, but the type and severity of the damage can be difficult 

to identify from discrete point measurements. Moreover, if the damage is outside the proximity 

of the sensor, the damage may be difficult to detect. Thus, it is more beneficial to use an 

instrument, which can remotely monitor a larger area. In Table 3, structural monitoring 

technologies are categorized in two groups based on their need to be in contact with structures 

or not. 

Table 3. In-contact and non-contact common technologies for structural health assessment 

Need to be in contact with the ref. point Not need to be in contact with the ref. point 

• LVDTs 

• Fiber optic 

• Laser Trackers 

• Accelerometers 

• Inclinometers 

• Strain gauges 

• Digital image correlation (DIC) 

• Close range photogrammetry (CRP) 

• Laser Scanners (TLS) 

• Infrared scanning (IS) 

Beside the ability of remote data collection, the main advantage of non-contact techniques 

against needed to be in contact techniques is related to their intended monitoring area. These 

techniques can collect data in multiple locations and directions, rather than at discrete points, 

which gives the inspector an overall view. Thus they are able to collect a large number of 

datasets at extremely fast pace from surface of structure. Hence, collected datasets can provide 

an informative description of the object in a brief data acquisition. The summary of the 

obtained accuracy by non-contact, CRP and TLS, and traditional methods during the last two 

decades is presented in Figure 1. Then, Popescu et al. (2019) utilized modern techniques and 

proposed CRP as an efficient and cost-effective method in management of bridge inventories. 

Based on studies, the idea of this thesis is to complement vision-based technologies, e.g. 

photogrammetry, as an alternative toolbox for civil structure inspectors. CRP showed good 

potential to generate accurate enough digital model for remote bridge inspection. Once a 

technician gathered dataset and field observations, the 3D model can be available for all 

stakeholders (civil infrastructure managers, non-destructive test (NDT) technicians, structural 

engineers, etc.) to make their own judgments regarding the scanned object and plan for further 

and more in-depth assessment activities.  However, this digital model needs to be updated 

continuously to present the real condition of structure for inspectors. Then, such a toolbox 

can prevent failures and allow for increased utilization through early detection of damage and 

prevention measures. In addition, this method can contribute to improve the accuracy and 

efficiency of civil structure inspections by eliminating human error, as well as provide the 

opportunity of a historical record of the defects progression. 
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Jauregi et al.
Measured bridge deflection by CRP, and observed a 
mean difference of 3.2 mm during field evaluation of 
a pre-stressed concrete bridge.

Lichti et al.
Results showed that stringer deflections based on TLS 
data were larger than ones from image-based 

methods

Park et al.
The deflection measurements 
obtained by TLS, which verified 
by LVDT output, result error 

less than 1.6%.

Attanayake et al.
Believed that laser scanners can 
construct 3D surfaces with an 
accuracy of 2 mm.

Laser trackers can measure the 
coordinates of targets with a high 
accuracy, achieve a measurement 
resolution up to 0.32 micrometers.

Higgins and Turan
Analyzed CRP results using different types of lenses, 
particularly flat and fisheye lenses, were compared 
with the original dimensions. The absolute maximum 
and mean differences between the estimated and 
original values were 1.91% and 0.21% (for flat-field 
lens), and 1.56% and 0.11% (for fisheye lens), 
respectively

Riveiro et al.
Evaluated the usefulness of CRP in estimating the 
minimum vertical deflection of a bridge during 
inspection, and when compared with real data, the 

photogrammetric method was accurate to 0.008 m. 

Sousa et al.
Calculated vertival deflection by installing strain 
gauge, inclinometer, and using curve fitting to 
approximate the curvature. This was done for highway 
bridges in the field with approximately 5% error.

Riveiro et al.
compared the efficiency of CRP against TLS, in case of 
measuring vertical deviation. Results validated with 
total station output, and TLS obtained high correlation 

coefficient (0.999) closely followed by CRP (0.998).

He et al.
Demonstrated that a series of inclinometers can 
be used to estimate displacements in a steel arch 
railroad bridge with a maximum error of 7%.

Tasci
Evaluated the efficiency of CRP against other measurement 
techniques such as comparator, reflector less total station, 
and FEM for deformation measurement of steel arch 
bridges, and the deformation measured by each of these 

systems were similar, close to 1.74 mm precision

Anigacz et al.
observed that CRP were overestimated by 18% 
compared to TLS results, by monitoring bridge 

displacement under static loads 
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Lohmus et al.
The results show maximum error between TLS measurements 
against those of conventional geodetic techniques amounted to 
3.4 mm. Hence, it was concluded that TLS is insufficient for 
applications requiring sub-millimetre level accuracy.

Lee and Han
applied a photogrammetric methodology by a movable 
photogrammetric board to measure the deformation of railroad 
bridges, and 1 mm difference in the range direction was 
observed comparing to the TLS results.
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Figure 1. Review of the obtained accuracy by optical and traditional methods during last two decades 
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1.2 Aim and objectives 

The aim of the current research is to complement traditional inspections with non-

contact sensing solutions that are low-cost, suitable for field application, and easily 

deployable to improve the inspection, monitoring and assessment of existing structures. 

To this end, new algorithms to achieve a data-driven assessment of the infrastructure 

using the data collected with traditional instruments (DSLR camera, drone-mounted 

camera, laser scanning, etc.) needs to be delevoped and implemented. 

The four immediate objectives were: 

1. Develop and implement vision-based technologies as basis for off-site inspection 

of civil engineering structures. 

2. Develop a remote and contactless system able to measure the overall geometry, 

full-field deformations, strains and crack widths. 

3. Develop a framework for damage detection and long-term updating of the digital 

models to provide objective information of visible changes. 

4. Demonstrate the proposed methodology on full-scale scenarios. 

1.3 Research questions 

In order to comply with the aims of this research project, the following research questions 
are stated: 

RQ1. How accurate is CRP for geometrical deviations monitoring and defect detection?  

RQ2. To approach maximum accuracy and minimum computation time in crack 

detection; which one of convolutional neural networks (CNNs) architecture shows the 

better performance in classification and semantic segmentation tasks? 

RQ3. Is there any correlation between surface deformation on reinforced concrete 

(obtained by DIC) and strains in the embedded reinforcement? 

1.4 Scientific approach 

This thesis presents a pilot study that was conducted with the aim of developing 

inexpensive and easily deployed vision-based non-contact defect quantification solutions 

that (i) are suitable for field applications and (ii) could improve the inspection, 

monitoring, and assessment of existing civil structures. Such solutions could improve the 

accuracy and efficiency of civil structure inspections by eliminating human error and 

allowing damages to be detected at an early stage. This will enable preventative and 

remedial measures to be implemented on-time and make it easy to generate historical 

records showing the progress of a structure’s deterioration.  

1.5 Outline of the thesis 

This licentiate thesis is presented as a compilation thesis, i.e. an extend summary of the 

work is followed by appended journal- and conference papers. The structure of this 

summary is comprised of Chapters 1-6, which briefly described as below: 

Chapter 1, Introduction: Presents the background and describes previous work related 

to the research subject, research questions, and scientific approach of this thesis. 
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Chapter 2, Data acquisition and 3D model generation: In this chapter, the 

procedure of image acquisition approach to generate the highest possible resolution with 

lowest number of images is described. Then, the workflow of 3D model generation will 

be expressed. 

Chapter 3, Autonomous structural health assessment: This chapter presents 

structural health assessment in both perspectives of monitoring geometrical deviations 

and surface deteriorations. Geometrical deviation monitoring and defect detection will 

be carried out on point-cloud data and image data, respectively. 

Chapter 4, Data correlation for prediction of in-depth information: Visual 

inspection can just lead us to assess damages on the surface of the structures. However, 

the general idea behind this chapter is in-depth inspection regarding all the data obtained 

from the surface. For this purpose, this chapter starts with the aiming at investigating if 

there is a strong correlation between surface and embedded reinforcement strains. For 

this, Digital Image Correlation (DIC) is used as a highly sensitive monitoring technique 

to monitor surface deformations and then, these data correlated with the undersurface 

parameters, like strain on embedded reinforcement, or crack depth. 

Chapter 5, Conclusion: This chapter presents the conclusions of outcomes from 

previous chapters approaching the aim of the research and answers for research questions.  

Chapter 6, future research: On this chapter, some ideas for future studies on the rest 

of this project have been suggested to develop and improve overall ideas for autonomous 

structural health monitoring.
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1.6  Appended papers 

The core of this thesis incorporates the following papers listed below. My contribution 

to these papers was proposing the general idea behind them, according to the described 

road map by the supervisors for this PhD thesis. In addition, I was responsible with data 

collection, analysis, and writing the manuscripts. 

PAPER I 

Predicting strains in embedded reinforcement based on surface deformation 

obtained by digital image correlation technique 
Mirzazade. A, Popescu. C, Blanksvärd. T, Täljsten. B 
Part of: IABSE Congress Ghent 2021, Structural Engineering for Future Societal Needs, s. 425-434, 

International Association for Bridge and Structural Engineering (IABSE), 2021 

This paper was a pilot study to discuss prediction of existed strain/stress on embedded 

reinforcement, based on monitored surface deformation by digital image correlation 

(DIC) technique. Test set-up and experimental test was managed by co-authors and then, 

data analysis part including data correlation and generation semi-empirical equation 

fulfilled by first author.  

PAPER II 

Utilization of Computer Vision Technique for Automated Crack Detection 

Based on UAV-Taken Images 
Mirzazade. A, Nodeh. M, Popescu. C, Blanksvärd. T, Täljsten. B 

Part of: International Conference of the European Association on Quality Control of Bridges and 
Structures, EUROSTRUCT 2021: Proceedings of the 1st Conference of the European Association on 
Quality Control of Bridges and Structures, s. 713-720, Springer, 2021 

This paper was a pilot study to compare the performance of four different architecture of 

convolutional neural network (CNN) for defect detection in a real case study. Image data 

were collected by co-authors and training CNNs beside discussion were managed by first 

and second authors. 

PAPER III 

Workflow for Off-Site Bridge Inspection Using Automatic Damage Detection-

Case Study of the Pahtajokk Bridge (2021) 
Mirzazade. A, Popescu. C, Blanksvärd. T, Täljsten. B 

Remote Sensing, Vol. 13, no. 14 

This paper is a research article proposing the workflow for off-site bridge inspection. This 

workflow started with data acquisition and finding optimal working distance to approach 

both needed resolution and minimum computation time. Then it continued with 3D 

model generation procedure, and ended with defect detection and quantification using 

computer vision technique. Data acquisition was managed by co-authors, while the 3D 

model generation performed by first author. In autonomous inspection part, the first 

author developed trained convolutional neural network algorithms to localize and pixel-

wise measurement of existing defects on the case study.

http://urn.kb.se/resolve?urn=urn:nbn:se:ltu:diva-87671
http://urn.kb.se/resolve?urn=urn:nbn:se:ltu:diva-87671
http://urn.kb.se/resolve?urn=urn:nbn:se:ltu:diva-88655
http://urn.kb.se/resolve?urn=urn:nbn:se:ltu:diva-88655
http://urn.kb.se/resolve?urn=urn:nbn:se:ltu:diva-86504
http://urn.kb.se/resolve?urn=urn:nbn:se:ltu:diva-86504
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1.7 Additional publication 

Besides the appended papers, there are one journal paper, and one conference paper, as 

additional publications. In addition, the author had the opportunity to collaborate with 

other researchers on a technical report about bridge inspections using unmanned aerial 

vehicles. These publications stated here, but not appended to the thesis. My contributions 

on these publications mentioned as below. 

 Journal paper 

Autonomous bridge inspection using digital models and a hybrid approach 

based on deep learning and photogrammetry (2022) 
Mirzazade. A, Popescu. C, Gonzalez. J, Blanksvärd. T, Täljsten. B, Sas. G 
Submitted to Journal of Civil Structural Health Monitoring 

This paper, submitted to the Journal of Civil Structural Health Monitoring, discussed 

autonomous bridge health assessment based on both 2D image data and generated 3D 

model, point-cloud data. First author performed data collection for photogrammetry 

while the laser scanning has been managed by co-authors for two different case studies. 

One of the case studies with more complex geometrical structure is discussed regarding 

performance of close range photogrammetry (CRP) compared with laser scanning in 

geometrical deviation assessment. For the second case study, which had more hard-to-

access areas, the approach for autonomous defect detection and measurement has been 

presented. The first author developed CNNs to detect and segment the existing cracks 

pixel-wisely. Moreover, the first author performed mapping of detected cracks to 3D 

model and generating orthophotos to measure the crack widths and crack lengths of 

detected cracks. 

 Conference paper 

Application of close range photogrammetry in structural health monitoring 

by processing generated point cloud datasets 
Mirzazade. A, Popescu. C, Blanksvärd. T, Täljsten. B 
Part of: IABSE Congress Ghent 2021, Structural Engineering for Future Societal Needs, s. 450-458, 
International Association for Bridge and Structural Engineering (IABSE), 2021 

This paper was a pilot study to discuss geometrical deviation assessment with utilization 

of photogrammetry. All the data collection in both photogrammetry and laser scanning 

managed by co-authors and then, data analysis part including 3D model generation, and 

point-cloud analysis fulfilled by first author. 

 Technical report 

Bridge inspections using unmanned aerial vehicles – A case study in Sweden 

(2021) 
Popescu. C, Mirzazade. A, Ohlsson. U, Sas. G, Häggström. J 

 

http://urn.kb.se/resolve?urn=urn:nbn:se:ltu:diva-87670
http://urn.kb.se/resolve?urn=urn:nbn:se:ltu:diva-87670
http://urn.kb.se/resolve?urn=urn:nbn:se:ltu:diva-83454
http://urn.kb.se/resolve?urn=urn:nbn:se:ltu:diva-83454
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2. Data acquisition and 3D model generation 
This section gives a brief overview of the visual data acquisition and 3D model generation 

by photogrammetry. It starts by field deployment and finish with digital model 

generation. Photogrammetry is an optical technique, which is defined as a contactless 

sensing method, has received considerable attention due to its potentially high productive 

data acquisition ability together with its low cost and robustness to work in various 

climate/environment conditions. All these are because of the exceptional advances in 

computer power, memory storage, and camera sensors technology, which have flourished 

significantly during the last decade. 

The concept of photogrammetry is making a precise 3D model of an object from many 

two-dimensional photographs. However, a minimum of 60% overlap between images is 

also necessary, in both the longitudinal and transversal directions. Pulfrich and Fourcade 

studied the analytical aspects of the stereovision concept for 3D measurement in the 1900s 

(Burtch, 2004). The 3D coordinate of any given object point may be determined if the 

corresponding 2D image coordinates in a stereo-pair and the position of the camera 

within the ground coordinate system are known. Finding the 3D coordinate based on 

2D images is called space-forward intersection which is based on formulation of 

collinearity equations (Schenk, 2005) describing the straight-line relationship between 

object point, corresponding image point and exposure station. 

Studies by Broome, 2016, has shown that there are no significant differences between 

accuracy of close range photogrammetry (CRP) and terrestrial laser scanning (TLS), and 

as measured differences were only between 0-7 mm. In addition, a cost benefit analysis 

showed that CRP is overall more cost effective due to the equipment being relatively 

inexpensive compared to TLS system. However, TLS has scored better on accuracy and 

required skilful operators (Broome, 2016). Studies by Valenca et al., 2012, have shown 

that cracks widths less than 1.25 mm can be detected using a TLS scanner if the scanning 

parameters were set properly (Anil, et al., 2013). However, in real built structures, it is 

difficult to monitor cracks in sub-millimeter scales, due to dirt and moisture stains 

covering cracks etc. (Valenca, et al., 2017). Thus, data acquisition can ideally start after a 

short preliminary site-visit to perform dust removal of interior spaces, cleaning dirt on 

surfaces, removing shady vegetation, and ensuring access to designated spaces. 

2.1 Equipment and data acquisition 

The generated digital model for civil structure inspection must have sufficient accuracy 

and resolution to represent the type of small-scale visual details that inspectors look for 

during an inspection, details that are often less than a millimeter in size. Based on Figure 

1 and the conclusion of Popescu et al., 2019, studies, TLS offers the better accuracy 

compared with CRP and infrared scanning. However, CRP is more cost efficient and 

portable compared with infrared scanning, leading us to perform photogrammetry 

technique in digital model generation. That is why the aim is obtaining sufficient quality 

of generated 3D model by CRP, as much as close to that of TLS. For this, existed point-

cloud scanned by TLS (Popescu, et al., 2019), has been used to check the accuracy of 

generated digital model by CRP. The equipment used for TLS was a long-range, RIEGL 
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VZ-400, 3D terrestrial laser scanner, Figure 2-a. This 3D scanner operates on the time-

of-flight principle and can make measurements ranging from 1.5m to 600m with a 

nominal accuracy of 5mm at 100m range. It uses near infrared laser wavelengths with a 

laser beam divergence of 0.3 milliradians (mrad), corresponding to an increase of 30mm 

of beam diameter per 100m distance. The instrument’s maximum vertical and horizontal 

scan angle ranges are 100 and 360 degrees, respectively. The raw TLS data, i.e. point 

clouds captured from multiple scans, were post-processed (registered and geo-referenced) 

using the Leica Cyclone software package, which automatically aligns the scans and 

exports the point cloud in various formats for further processing. 

For digital model generation using CRP, images captured around the structure, in 

different distance of the camera from the structure. The equipment used for image 

acquisition has been a regular digital camera, and these images are processed using a 

commercial structure from motion (SfM) software package, Agisoft PhotoScan Pro (LLC, 

2017). It simultaneously determines the interior orientation and defines parameters 

relating to the exterior orientation of the camera, such as camera angle and work distance, 

relative to the scanned object. In this project, a DSLR camera Canon EOS6D Mark II is 

used, Figure 2-b, with a full-frame complementary metal–oxide–semiconductor 

(CMOS) optical sensor giving a resolution of 12.8 megapixels. The camera was equipped 

with Canon EF 24mm, and 20 mm wide-angle prime lenses, and has an interior 

orientation as shown in Table 4. Lower focal length gives a large field of view, meaning 

that fewer images needed to capture an entire structure. For hard to access areas, an 

unmanned aerial vehicle (UAV), Phantom 4 Pro in Figure 2-c, is used that you can find 

its specifications in Table 4, as well. 

 

Figure 2. Data acquisition Equipment. (a) RIEGL VZ-400, 3D terrestrial laser scanner, (b) Canon 

EOS6D Mark II digital camera with lenses, (c) DJI Phantom 4 Pro. 

(b)

(c)

(a)



15 
 

Table 4. Interior orientation of the sensor installed on DSLR camera and UAV, DJI 

Phantom 4 Pro. 

Lens 24 mm 
EF f/2.8 IS USM 

20 mm DJI Phantom 4 Pro. 

 

   
Aperture f/2.8-f/22 f/ 2.8 - f/ 22 f/2.8 to 11 

Diffraction-
Limited 
Aperture 

f/9.3 f/5.6 

Closest 
focusing 
distance 

0.20m 0.25 m 1.0 m 

Horizontal 
viewing 
angle 

74° 84° 84° 

Diagonal 
viewing 
angle 

84° 94° 94° 

Focal 
length 

24 mm 20 mm 8.8mm / 24mm (35mm Equivalent) 

Pixel 
Dimensions 

6240 x 4160 4000 x 3000 

Sensor size 35.9 x 24.0mm 4.45 x 2.3 mm 

Shutter 
speed 

30-1/4000 sec in 1/3 stop increments 1/13 

This information presented in Table 4, has been used to calculate ground sampling 

distance (GSD), and field of view (FOV) versus work distance, as shown in Figure 3-(a-

c). The GSD equals the distance between the centers of two consecutive pixels on the 

target surface. Ideally, a smaller GSD value is better, but the FOV value should be 

considered as well, because a larger FOV minimizes the number of images required for 

data collection [refer to Chen et al., 2019, for further details]. 
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Figure 3-a. Correlation of GSD and FOV versus work distance for 20 mm lens 

 

Figure 3-b. Correlation of GSD and FOV versus work distance for 24 mm lens 

 
Figure 3-c. Correlation of GSD and FOV versus work distance for DJI Phantom 4 Pro 
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2.2 3D model generation 

After calculation of the GSD and FOV, optimum working distance (WD) and tilt angle 

can be selected to match the surveying objective(s) for image collection. Then, the sensor 

needs to take photos from the optimum working distance. Besides challenges in finding 

optimum working distance, narrow spaces add more complexity to fulfill the overlapping 

requirement to create complete coverage of the studied areas. Therefore, 

videogrammetry could be more effective instead of photogrammetry, especially for 

structures with complex geometry. The only disadvantage is the procedure yields a lower 

quality than usual, because image resolution is lower due to motion blur. Reducing the 

speed of camera movement during data acquisition can decrease the effect of motion blur 

to some extent. Overall, a combination of motion blur and the light condition is believed 

to be the main cause of the poor results in stitching the images; this challenge is discussed 

in detail in published journal, Paper III (Mirzazade, et al., 2021) appended to the thesis. 

By converting the images into a photorealistic 3D model of the structure, inspectors can 

perform a visual inspection on a computer without the risk of safety and time constraints 

of the field environment. The basic steps of photogrammetry involve (1) detecting 

features within each image, (2) matching these features in multiple images, and (3) 

reconstructing their relative 3D position in the observed scene. Figure 4 illustrates the 

typical processes used in each step and for a more detailed explanation of the theoretic 

background of image-based 3D reconstruction algorithms, interested readers are referred 

to Remondino et al., 2014. 

 

Figure 4. Photogrammetric reconstruction process 
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3. Autonomous structural health assessment 

Generally, there are two types of interesting areas in civil structure optical inspection, 

which needs two different optical methods for detection. The first type is small-scale 

defects, listed as cracks, spalling, corrosion, etc., detected by processing texture-mapped 

digital model, which include color information (RGB values) as well as the coordinated 

locations of points. Then, one or a combination of data driven methods, such as 

unsupervised/supervised classification, minimum distance classification, maximum 

likelihood classification, fuzzy-logic algorithms, artificial neural networks, or genetic 

algorithms, can be used for locating and quantifying the defects. Since the main goal is 

to achieve automated detection, unsupervised and self-learning algorithms are focused 

on. Thus, in this thesis, convolutional neural network (CNN) is implemented for 

automated small-scale damage detection. 

The second type, listed as geometrical deviations or vertical deflections, can be detected 

where change in surface geometry is observed, like deviations in superstructure, or 

observed tilt on piles or abutments. For this, photogrammetric measurements were 

performed at different times - each time generating a new 3D model. The first generated 

model serves as the reference which all subsequent models are compared to in order to 

detect any geometrical deviations, e.g. deflections, settlements, etc. 

3.1 Geometrical deviation assessment (point cloud data) 

In many bridges for example, the vertical displacements/deflections are one of the most 

relevant parameters for both the short- and long-term monitoring. However, it is well 

known amongst bridge inspectors that it is difficult to measure the vertical displacements 

of a bridge (Chan, et al., 2009). Current methods are often laborious to use and require 

the intervention of specialized operators. Therefore, it is highly important to find a simple 

and practical method to measure geometrical deviations. Therefore, several studies 

(Jauregui, et al., 2003) (Lee & Shinozuka, 2006) (Chang & Ji, 2007) (Jiang & Jauregui, 

2007)  (Valenca, et al., 2012) (Tasci, 2015)   (Riveiro, et al., 2012) (Zhang, et al., 2018)  

have explored the usefulness of CRP for bridge monitoring in complete geometrical 

dimensions e.g. bridge span, width, and clearance, by generated digital 3D model.  

To find geometrical deviation, like deflection, generated digital models are compared 

with each other to find displacements in the same coordinate system. This has been done 

using CloudCompare Version 2.6.1, an algorithm developed by Girardeau-Montaut et 

al., 2005. This algorithm is a 3D point cloud (and triangular mesh) editing and processing 

software. Originally, it has been designed to perform direct comparison between dense 

3D point clouds, and comparison between a point cloud and a triangular mesh has been 

supported. 

To align point-clouds in the same coordinate system, same reference points in each point-

cloud needed. Ideally, these reference points should be outside of the structure and in 

fixed positions. However, due to lack of pre-defined reference points, four reference 
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points in the bottom of abutments considered to put both models in the same coordinate 

system. It was because of the least probable deflection in those areas compared with the 

other part of the structure. However, it would be better to consider at least three points 

locates outside of the structure, in independent positions, to detect any settlements of the 

structure. Figure 5 illustrates alignment of two generated point-cloud from a bridge 

structure, for two different turns of scanning, in the same coordinate system. 

 

Figure 5. Aligning two 3D model to the same coordinate system 

In the next step, two 3D models aligned and compared, to check if any geometrical 

deviation may exist. The generated models used for geometrical deviation measurement, 

can be point-cloud or Mesh, Figure 6. There are mainly two kinds of distances described 

below: 

 The distances between two point-clouds (cloud-cloud distances) 

 The distances between a point cloud and a mesh (cloud-mesh distances) 

If the reference point cloud is dense enough, approximating the distance by cloud-cloud 

method is acceptable, otherwise it would be better to apply cloud-mesh method. Hence, 

the second point cloud is generated as a mesh model and then perpendicular distance 

between the surfaces is measured based on the cloud-mesh method. 

  

(a) generated point-cloud (b) generated 3D mesh 

Figure 6. Generated 3D models of the bridge, (a) point cloud, (b) Mesh 
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Geometrical deviations were measured in two case studies by comparing digital models 

generated from CRP. The first case study is Pahtajokk bridge, which is a simply 

supported bridge with a 6.9 m span and 3.9 m width, Figure 7.  

 

Figure 7. Pahtajokk Bridge 

After geometrical deviation assessment, a maximum deflection of about 2 cm is detected 

in the west part of the bridge deck, green zone in Figure 8. As Figure 9 illustrates it, west 

abutment is damaged, compared to the other abutment that is un-damaged.  

 

Figure 8. Absolut deflection detected in the west abutment, Pahtajokk Bridge. 

Absolut distance [m]
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Figure 9. Damages considering as a reasons of vertical deflection in the west abutment. 

In another effort, see Figure 10, a joint opening between the blocks is detected and 

illustrated by an orange box. Close-range image of this joint opening is shown on the 

right side of Figure 10, and therefore, it is expected to observe geometrical deviations, 

inside the red box. 

 

Figure 10. Detected joint opening between the blocks (orange box), expected zone to observe 

geometrical deviation (red box) 

By comparing the generated 3D models, geometrical deviation in both X and Y 

direction, almost 1 and 2 cm respectively, are detected in red box, which is illustrated in 

Figure 11. 

East abutment

West abutment

Crack
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Figure 11. Geometrical deviation of the west wall, detected in the X, and Y directions. 

With the same method in second case study, Jouvajokk Bridge, geometrical deviation in 

both west and east abutment assessed. The Juovajokk Bridge, Figure 12, is closed to 

Abisko in northern Sweden, built in 1902 with the superstructure replaced in 1960. This 

bridge is a simply supported bridge with a span of 5.5m and a width of 3.8 m. The 

surrounding area is densely vegetated and there are steep slopes behind the abutments, it 

was difficult to stand tripod for image acquisition. 

 

Figure 12. Photos of Juovajokk bridge 

Y direction

X direction
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As it illustrated in Figure 13, there is some deviation in the blue-colored point-cloud 

inside the orange region, recognizing in the west abutment. This deviation caused by 

block joint opening in this area. In the most critical parts of this area, maximum 2 cm 

deviation detected in Y direction. 

 

Figure 13. Geometrical deviation of the west wall, detected in the Y direction. 

In the east abutment, as it is illustrated by Figure 14, joints between the blocks are opened 

(red dotted box) which shows the possibility of geometrical deviation in Y direction, 

towards inside the bridge. By comparing the 3D models, geometrical deviation in Y 

direction is detected as almost 1.5 cm in average among the most critical parts. 

 

Figure 14. Geometrical deviation of the east wall, detected in the Y direction. 

3.1.1 Data quality evaluation 

Generally, generated point clouds include noises caused by inaccurate geometric 

positioning (Sargent, et al., 2007), surface deviation (Koutsoudis, et al., 2014), and 
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outlier-based noise (Cheng & Lau, 2017). Each type of these noise described in detail by 

Chen et al., 2019. Figure 15 shows confidence model presenting the reliance on image-

based generated point-cloud in each part of model. All warm colors (red) illustrate noisy 

parts, and cold colors (blue) show more confident in point-cloud generation. 

 

Figure 15. Confidence model of Juovajokk Bridge, blue parts have reliable triangulation and red parts 

include noises 

Outlier noise usually appears around the boundary of the structure due to shadows, light 

reflections, the background, and tends to confuse the triangulation procedure in SfM 

methods. Those outlier points will affect subsequent steps including mesh generation and 

surface reconstruction. For this reason, noise removal is usually a part of processing in 

commercial SfM software.  

3.2 Defect detection (Image data) 

3.2.1 Damage localization 

There are two general ways of optical methods for defect detection, including image 

processing and computer vision techniques, to inspect the visual data, e.g. images, videos, 

or even generated 3D model. Previously, image processing technology (IPT) was used 

to detect and evaluate the damage distribution. IPT needs to design a reasonable feature 

extraction algorithm for specific data, but due to lack of intelligence, it is very difficult to 

extract high-level features from images, autonomously. This algorithm works only with 

certain images (Dorafshan, et al., 2018), and due to the effects of noise such as 

illumination, shadows, and the combination of several different surface imperfections, the 

detection results may be inaccurate. However, in computer vision, it is possible to 

distinguish between objects, classify and localize them, like the process of visual reasoning 

of human vision. 

Therefore, some researchers tried to improve the efficiency and robustness of IPT-based 

methods in real-world conditions by applying computer vision techniques. Initially, 

computer vision has been applied as Support Vector Machine (SVM) technique for crack 

detection, which was a supervised method. Despite its improvements, there were two 

major disadvantages for this technique: (1) it still requires time-consuming post-
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processing, and (2) only one damage type could be detected. Therefore, the 

Convolutional Neural Network (CNN) was proposed to provide multiple classifications. 

The main advantage was its automatic feature extraction during the training process. In 

recent years, deep-learning algorithms had shown remarkable performance in damage 

recognition, and CNNs has attracted wide attention as an effective recognition method. 

Image-based damage detection using CNN algorithms has emerged as a powerful 

technique for SHM in recent years (Azimi, et al., 2020) (Sony, et al., 2021). CNN-based 

image analysis methods have achieved remarkable performance in the detection of cracks 

(Jang, et al., 2019) (Dung, 2019) (Li & Zhao, 2018) (Silva & Lucena, 2018) (Cha, et al., 

2017) (Yokoyama & Matsumoto, 2017), road/pavement (Maeda, et al., 2016) (Zhang, 

et al., 2016) (Zhang, et al., 2018) (Wang, et al., 2017) (Zhang, et al., 2017) (Fan, et al., 

2018), corrosion detection (Atha, 2018), bugholes (Wei, et al., 2019), multiple damage 

types (Cha, et al., 2018) (Wang, 2018), and overall condition assessment (Wu, et al., 

2018). On these studies, four deep CNN architectures mostly have been used for this 

purpose, namely VGGNet-19 (Simonyan, 2014), Inception v3 (Szegedy, et al., 2016), 

GoogleNet (Szegedy, et al., 2015), ResNet-50 (He, et al., 2016). Mirzazade et al., 2021, 

compared these four CNNs in terms of accuracy, loss, computation time, model size, and 

architectural depth, obtaining the results summarized in Figure 16 (Mirzazade, et al., 

2021). Briefly, InceptionV3 achieved the highest accuracy with the prepared dataset, but 

its computation time was almost three times that of GoogleNet (Mirzazade, et al., 2021). 

For those interested readers, published paper (Mirzazade, et al., 2021), Paper II appended 

to this thesis, to check with more details. 

 

Figure 16. Damage detection performance of four CNN architectures. In all cases, the 1st and 4th levels 

correspond to the worst and best performance with respect to the indicated items, respectively 

(Mirzazade, et al., 2021). 

Steps for detection and classification of cracks using deep convolutional neural network 

suggested by L. Zhang et al., 2016, as follows: 

a) Data preparation: This first step for damage detection using CNN algorithms is 

data preparation. 

b) Design and train the convolutional neural network: A deep learning 

architecture could be designed to have pooling, convolutional and fully connected 

layers. The CNNs trains using the stochastic gradient descent method. The 

Model size

LossComputation time

GoogleNet

ResNet-50

Inception v3

VGG-19
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dropout method used between two fully connected layers and the rectified linear 

units as the activation function. 

c) Evaluate the performance of the convolutional neural network: The 

prediction of convolutional neural network needs to be compared with labeled 

data as a verification dataset. Verification dataset is usually 30% of all prepared 

dataset. 

There are two main approaches for defect detection using deep learning technology. The 

first approach is based on the method of object detection (Protopapadakis, et al., 2019). 

Object detection is an important task in computer vision and its major task is to find all 

the region of interest (ROI) in the image and determine their position. Typical examples 

of these methods in crack detection are NB-CNN proposed by Chen et al., 2017, and 

DDL-Net proposed by Li et al., 2018. However, the object detection technology uses a 

rectangular frame to locate the object, while the crack distribution and its shape are 

irregular; therefore, the recognition accuracy of these methods is limited.  

The second approach is image classification based on region division. That is, selecting a 

small area of an image each time, and judging whether a crack exists in the selected area. 

After splitting images to some sub-images, using image classification technology to classify 

each, like sliding window to form the detection of the whole image can achieve good 

results. Cha et al., 2016, (Cha’s CNN) proposed one typical method. Cha's CNN uses a 

convolutional neural network to classify images and scan the images using different 

window sliding strategies to complete the detection of the entire image, which can 

effectively find cracks in the image, but can hardly provide pixel-level concrete crack 

detections. All, even fine and small-scale defects can hardly be avoided by this method, 

since the accuracy of this technique depends on the fineness of the area division. To 

achieve higher precision, the area needs to be more finely divided. However, if the region 

is more finely divided, the information contained therein may not be sufficient to judge 

whether the crack exists, the classification error will increase, and the accuracy of the 

detection is reduced. The other thing is, damage measurement which needed to detect 

damage pixel-wisely. Then in the next step, semantic segmentation is needed to be 

performed on those detected sub-images as likely to damage areas. 

3.2.2 Damage segmentation (segNet, U-Net) 

Current research is mainly focused on the use of CNNs, approaching the classification 

and localization of defects such as classify individual cracks in images and locate each 

crack using a bounding box. However, the quantification of defects has been paid no 

attention. In concrete crack assessment, it is important to measure length and width of 

concrete cracks to evaluate structural integrity of concrete structures. Besides the 

developments of concrete crack detection methods using image processing, many 

researchers reported computer vision-based crack quantification methods. Kim and Cho, 

2019, proposed crack quantification methods that refines a cracked area detected by a 

deep learning model and measure the width using sequential image processing. Ni et al., 
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2019, combined conventional Otsu thresholding and deep learning technique for crack 

width measurement.  

In order to improve the accuracy, the task of concrete crack detection is treated as a 

semantic segmentation task. Semantic segmentation is also an important task in computer 

vision, which its goal is to classify each pixel in the image. If the images semantic 

segmentation can be quickly achieved, many problems can be solved. For this, End-to-

End networks that consist of two cooperative sub-networks (encoding and decoding) 

used to classify each pixel and thus segment the whole image. For instance, U-Net 

(Ronneberger, et al., 2015) and SegNet (Badrinarayanan, et al., 2017) were tested in the 

International Society of Photogrammetry and Remote Sensing (ISPRS) semantic 

segmentation challenge and achieved outstanding performance. These two End-to-End 

networks utilized for crack, joint opening, and bridge component segmentation, that you 

can find the details in attached paper (Mirzazade, et al., 2021), Paper III appended to this 

thesis. Belloni et al., 2020, presented some preliminary findings that combines advanced 

deep learning techniques and innovative photogrammetric algorithms to develop a 

monitoring system. This method was based on the U-Net architecture which has been 

trained on a small available labeled dataset and tested on a large set of images acquired 

using a customized mobile mapping system. The results have shown that it is possible to 

effectively detect cracks in unseen imagery. 
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4. Data correlation for prediction of in-depth information 

4.1 Digital image correlation (DIC) 

The DIC technique is a non-contact optical measurement technique based on imaging 

specimens’ surfaces in initial un-deformed and later deformed stages to obtain 

deformation (strain) data. However, most of the applications, presented in the literature, 

were performed in laboratory environment (controlled lightning conditions, humidity, 

air temperature, etc.) with a robust ARAMIS 3D-DIC system built for industrial 

applications. Such equipment is expensive and heavy to carry on-site. Then, developing 

a low-cost solution and easily deployable DIC system, to monitor surface and predict in-

depth strains of structure, which can be used on-site and in uncontrolled environment, 

is attempted on this chapter. 

The approach for determining surface deformation using digital image correlation 

technique has started in the 1980s, and been developed by many researchers to increase 

resolution and improve accuracy. DIC eases measuring areas in both, small and large 

scales (from 1 mm to 2000 mm) with the same sensor. Deformations/strains can be 

measured in a range of 0.01% up to several 100%, while the cracks usually appeared on 

concrete in roughly 0.1% strain. According to Hoult, et al., 2016, it has potential to be a 

new alternative for traditional sensors. By strategically positioning cameras around a 

bridge, DIC can be used to measure mid-span and support displacements in the vertical, 

lateral, and longitudinal directions, as well as strains (Hoult, et al., 2013), crack widths 

(Hoult, et al., 2016), or spalling (Nonis, et al., 2013). DIC can track the natural surface 

or deformation of an object based on the first image (considered as a reference image) in 

a series of images. In DIC with single camera, any object of known dimensions within 

the image can be used to create a ratio of millimeters to pixels, known as a scale factor. 

This is used to convert the DIC output from image space measurements, in pixels, to 

physical space measurements, in millimeters for example. However, in DIC with couple 

of cameras, real scale dimensions of the object can be computed and there is no need for 

a scale bar. 

Nowadays, many applications of this method to various problems can be found, such as 

studies of damage detection in bridge or other civil engineering structures. It overcomes 

many limitations of conventional displacement sensors, such as the need for a fixed 

reference point, and can be rapidly deployed in the field. By studying the previous studies 

and experiences in this field, DIC have been firstly investigated for bridge monitoring by 

Stephen et al., 1993, on the Humber Bridge. At the time, the technology was only 

sensitive enough to monitor long span bridges with large displacements. After more than 

one decade progression, Lee and Shinozuka, 2006, used images taken with a digital video 

camera, equipped with a telescopic lens, from targets placed on the structure to measure 

displacements. They confirmed the accuracy of their method by comparing the 

measurements from their technique against linear variable differential transformer 

(LVDT) measurements during a shake table test. Then, Yoneyama et al., 2009, made 

static measurements using DIC before and after applying load to a short concrete girder 
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bridge. In terms of dynamic loading, Murray et al., 2015, monitored a reinforced concrete 

highway bridge during static and dynamic load tests. There is also application of DIC 

with other analyzing methods or surveying vehicles. Kalaitzakis et al., 2019, presented an 

autonomous system of a drone equipped with a DIC camera system for performing 

remote structural evaluation of a railroad tie. 

For the system to work, according to Küntz et al., 2006, the surface of the specimen 

required little preparation. Therefore, the surface must be smooth and have a speckle 

pattern. It should also have a good contrast and have a dull finish as any reflections can 

prevent facet computation. According to Reu, 2012, the four most important attributes 

of speckle patterns are speckle size, contrast, speckle edge and speckle density. 

Furthermore, Reu, 2012, states that speckles should not be smaller than three pixels. 

Speckle density can be described as the ratio of black pixels in the pattern. According to 

Mazzoleni, 2013, the coverage should be between 40-70%, whereas Reu, 2012, suggests 

around 50%. It is preferred when speckles have a soft edge instead of hard edges. 

However, speckle edge is the least important speckle pattern parameter of four previously 

mentioned (Reu, 2012). 

As a pilot study, Paper I (Mirzazade, et al., 2021) appended to this thesis, DIC used to 

predict strains on embedded reinforcement based on surface deformation. Therefore, a 

semi-empirical equation is proposed (Mirzazade, et al., 2021) and validated by monitoring 

the surface strain in ten concrete tensile members, which were instrumented by strain 

gauges along the internal steel rebar. Figure 17 illustrates the test setup for DIC system, 

and Figure 18 shows the positions of installed SGs and the way of installing them on 

reinforcement in one of the lab-test performed. 

 

Figure 17. Digital image correlation system (ARAMIS) setup used for monitoring surface strains 
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Figure 18. Gluing strain gauges to rebar, and sectional properties of specimens with locations of strain 

gauges in two proposed pattern. 

Obtained results including a semi-empirical equation to predict strain on embedded 

reinforcement based on monitored surface deformations is published, as a conference 

paper (Mirzazade, et al., 2021), Paper I appended to this thesis. By considering Figure 19 

as a tensile beam, Equation 1 is proposed to estimate the local strain (𝜀𝐿𝑆,𝑖) on embedded 

rebar, regarding local surface strain (𝜀𝐿𝐶,𝑖) in the cracking and stabilized cracking phases 

[referred to Paper I (Mirzazade, et al., 2021) for more details about model of tensile 

behavior]. 

 
Figure 19. Conceptual figure of effective area in tension 
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In the plastic behavior zone, where, 

𝜀𝐿𝑆,𝑖 =
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L𝐿𝑆,𝑖
 is local strain (i= 0 : n) in embedded rebar 

𝜀𝐿𝐶,𝑖 =
∆𝐿𝐶,𝑖

L𝐿𝐶,𝑖
 is local strain (i= 0 : n) on the surface of the concrete 

𝜎𝑠 is average stress level in intended part, formulated by Khalfallah and Guerdouh, 2014, 

and proposed as Equation 2. 
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𝜀 is the average strain along the intended surface which is patterned and monitored by 

DIC. 𝐸𝑅𝐶 is the elastic modulus of the reinforced concrete, 𝜌 =
𝐴𝑠
𝐴𝑐
⁄  is the 

reinforcement ratio, 𝜂 =
𝐸𝑠
𝐸𝑐
⁄ , 𝑓𝑐𝑡 is the tensile strength of concrete, and 𝛼 is a constant 
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value depended on the concrete material and geometry, which is highly depends on the 

concrete material, concrete cover, and loading level [referred to Paper I (Mirzazade, et 

al., 2021) for more details about 𝛼 value]. 

One advantage with this proposed model is the possibility to predict the local strain along 

the rebar by a non-contact method, unlike previous models that only monitored average 

strain on the rebar.  
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5. Conclusion 

The current PhD project started with initial research questions formulated to comply 

with the overall aim and objectives of the research. Answer to the research questions can 

be found below: 

RQ1. How accurate is CRP for geometrical deviations monitoring and defect detection? 

RA1. Since generated digital model is used to autonomous structural health assessment, 

its accuracy needs to be investigated for both approaches of geometrical deviation 

assessment and defect detection. Therefore, as a short answer, the accuracy of generated 

digital model with CRP for geometrical deviation assessment in two case studies was 

±1%. This accuracy is accurate enough to detect deflections in centimeter scale. 

However, by utilization of dense structure from motion (DSfM), in critical parts of 

structure, geometrical deviation monitoring in millimeter scale is achievable. 

The other approach is defect detection, which need both density and accuracy in 

generated point-cloud by CRP. Studies showed that a higher point-cloud density does 

not necessarily yield a more detailed model with a higher resolution. In particular, despite 

the high point-cloud density achieved using CRP, the resulting model had outlier noises 

that had to be mitigated during noise removal in post-processing phase. This means that 

while CRP digital model could be used to monitor geometric deviations of the structure, 

it cannot be used for small-scale damage detection due to existed noises. Therefore, image 

data is used for damage detection and quantification; thereafter, detected defects are 

mapped on generated digital model. 

Some field works in real-scale data acquisition and 3D model generation procedure 

carried out to discuss obtained accuracy and observed outlier noises in generated digital 

model. All the results and conclusion were summarized on one published conference 

paper (Mirzazade, et al., 2021), and one published journal paper (Mirzazade, et al., 2021), 

Paper III appended to the thesis, at a more advanced level. 

RQ2. To approach maximum accuracy and minimum computation time in crack 

detection; which one of CNNs’ architecture shows the better performance in 

classification and semantic segmentation tasks? 

RA2. The utilization of CNN classification to detect and localize existed cracks on the 

surface of structure have been studied in Paper II (Mirzazade, et al., 2021) appended to 

the thesis. Therefore, four most common CNN classification were compared to assess 

their performance in crack detection. Results confirming the usage of Inception V3 

model for crack detection due to its better accuracy and computation time. In terms of 

pixel-wise crack semantic segmentation to measure existing cracks, two CNNs (U-Net 

(Ronneberger, et al., 2015), and SegNet (Badrinarayanan, et al., 2017)) were used to 

segment detected crack on the surface of the structure. As expressed in Paper III 

(Mirzazade, et al., 2021) appended to the thesis, the experimental results show that U-

Net performed better than SegNet in terms of crack segmentation. 
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RQ3. Is there any correlation between surface deformation on reinforced concrete 

(obtained by DIC) and strains in the embedded reinforcement? 

RA3. The application of data correlation is studied in Paper I (Mirzazade, et al., 2021) 

appended to the thesis. The main object of this research was the investigation of in-depth 

assessment based on optical collected data from the surface of the structure. As a result, a 

semi-empirical equation has been proposed to predict strains in embedded reinforcement 

based on surface deformation monitored by DIC. The results shows good correlation 

between surface deformation on reinforced concrete (obtained by DIC) and strains in the 

embedded reinforcement; however, there is still a need for more development and 

research to apply CNN regression for data correlation. Compared with the proposed 

semi-empirical equation, CNN regression algorithm needs to train with collection of 

considerably big and continuous data. Hence, as a further study, the idea of installing 

fiber optic sensors (FOS) on embedded reinforcement to collect continuous data needs 

to be investigated, which is further discussed in Chapter 6. This big data collection paves 

the way to obtain better performance of CNN regression.
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6. Future research 

Based on the outcomes from halfway of the PhD project, two future studies are addressed 

below, with the aim to develop and improve overall ideas for autonomous structural 

health monitoring. 

6.1 Intelligent hierarchical dense structure from motion (DSfM) 

Close-range image acquisition makes it possible to generate digital model for remote or 

autonomous inspection, but still needs to improve accuracy, as it discussed in the answer 

of first research question. However, the accuracy can be improved with increased image 

number and higher computation efforts, but also increases the cost for the 3D model 

generation. To overcome this, hierarchical Dense Structure-from-Motion (DSfM) 

proposed by Khaloo and Lattanzi, 2017, can be used to generate 3D model of an existing 

structure with higher resolution in defect areas. 

In 3D model generation, some of the requirements from (Swedish Transport 

Administration) Trafikverket inspection point of view must be satisfied, like preferable 

resolution to identify cracks with a width a minimum of 0.1 mm. For this, close range 

image acquisition with GSD less than 0.1 mm/px is needed. Therefore, by utilization of 

DSfM, images are captured in a series of imaging ranges to achieve needed GSD. Each 

range of data acquisition is designed to capture and reconstruct various aspects of the 

structure, ranging from the overall geometry of the structure to small-scale details in likely 

damage areas, with sub-millimeter GSD. These 3D models in different resolution can be 

organized into hierarchical levels based on the relative GSD ratio in each range (Khaloo 

& Lattanzi, 2017). These generated models provide different levels of detail (point-cloud 

density, and pattern resolution) in different region of interest (ROI). Overall, 3D model 

will then be generated by merging all the high-resolution models from different ROIs. 

Khaloo and Lattanzi, 2017, believe that 0.1 millimeter is achievable accuracy by this 

technique. 

As a future study, DSfM can be complemented by combination with computer vision. 

The aim of this research will be a hybrid approach of hierarchical dense structure from 

motion with computer vision to generate this hierarchical model intelligently. It means 

likely to damage areas will be detected autonomously, and then drone needs to navigate 

close to these areas for close range data acquisition. 

6.2 Utilization of CNN regression for in-depth prediction based on 

monitored surface deformation 

The general idea of this thesis is structural assessment based on optical data, e.g. image 

data. A digital image correlation (DIC) algorithm can monitor surface deformations in 

micrometer scale. However, referring to RQ3, the question is how reliable in-depth 

predictions of existing strain/stresses on embedded reinforcements could be, based on 

monitored surface deformations. A following up research is based on what was obtained 
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on the previous study (Mirzazade, et al., 2021), Paper I appended in this thesis. It will be 

a further study, as a lab test, to predict local strain on embedded reinforcement with 

application of CNN regression. To collect more in-depth data, it would be interesting 

to install fiber optic sensor (FOS) to collect continuous data along an embedded rebar 

and on the surface of the reinforced concrete. Surface deformation can be monitored 

with digital image correlation (DIC), due to its continuous data collection. Continuous 

and big collected data would be highly practical in utilization of CNN regression, 

compare to what is monitored by limited number of installed strain gauges in previous 

study (Mirzazade, et al., 2021). 

Another idea is to investigate the correlation between crack depth and crack opening. 

However, there are many parameters, such as concrete type, concrete cover, stress 

distribution, reinforcement characteristics, etc., which all most likely will be in 

correlation between crack depth and crack opening. To investigate crack depth 

prediction by monitoring crack opening, a bending crack monitored in both crack width 

and depth, Figure 20, with DIC and ultrasound transducers, respectively. Then, in each 

loading level, crack widths and crack depths correlation will be discussed. This study is 

undergoing, and by initial analysis of the results, there is a good correlation between crack 

width and crack depth, which can be a promising start for the rest of studies in crack 

depth prediction based on visual data acquisition. 

 

Figure 20. Monitoring crack width with DIC, and crack depth with ultrasound transducers 
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Abstract 

This study is carried out to assess the applicability of using a digital image correlation (DIC) system 
in structural inspection, leading to deploy innovative instruments for strain/stress estimation along 
embedded rebars. A semi-empirical equation is proposed to predict the strain in embedded rebars 
as a function of surface strain in RC members. The proposed equation is validated by monitoring the 
surface strain in ten concrete tensile members, which are instrumented by strain gauges along the 
internal steel rebar. One advantage with this proposed model is the possibility to predict the local 
strain along the rebar, unlike previous models that only monitored average strain on the rebar. The 
results show the feasibility of strain prediction in embedded reinforcement using surface strain 
obtained by DIC. 

Keywords: digital image correlation (DIC); reinforcement concrete; strain; surface strain; semi-
empirical equation. 

 

 

1 Introduction 

Concrete cracking is usually an indicator of RC 
structures performance, this is why mapping and 
evaluating cracks in concrete is an important step 
during assessment inspection. In addition to cracks, 
reinforcement strain has particular importance in 
evaluating the structures state and safety, as high 
levels of reinforcement strain indicate structure 
overloading or if a failure is about to occur. 

The focus of the current study is to estimate the 
strains in embedded reinforcement bars by 
measuring surface strain of RC members obtained 
by Digital Image Correlation (DIC) system. 
According to Hoult et al. [1], DIC has the potential 
to be a new alternative to traditional technologies 
used to assess RC structures. DIC is a technique that 
has been initiated since the ’80s [2], and used in a 

number of recent studies, such as embedded rebar 
assessment using surface deformation. There are 
some models proposed by Mahal et al. [3], Hoult et 
al. [1], Fayyad and Lees [4] [5], Madadi et al. [6], 
Krishna et al. [7], and Huang et al. [8], but they 
could just monitor average strain on the rebar. The 
advantage of the proposed model, presented in 
this paper, is that the local strain along the 
embedded rebar is predicted. The two main 
objectives of this study are to collect experimental 
data through laboratory tests and establish an 
experimental correlation between surface 
deformation and strains in the embedded 
reinforcement. 

2 Laboratory and testing procedure 

Ten concrete tension members with one 
reinforcement bar in the center of the cross section 

mailto:ali.mirzazade@ltu.
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were prepared, all with a length of 800 mm. These 
specimens, categorized in three groups, with two 
different concrete properties (normal concrete and 
Ultra-High Performance Concrete-UHPC), and two 
different cross-sectional areas: 100 x 100 mm2 and 
150 x 150 mm2. 

2.1 Material properties 

In this test, the reinforcement was a hot rolled and 
ribbed, of the type B500B, 16 mm bar with 500 MPa 
Yield Strength (Re), 1.08 tensile/yield strength ratio 
(Rm/Re), and 200 GPa Young’s modulus. The tension 
ties were thereafter cast and left to cure for 28 
days. The mechanical characteristics are shown in 
Table 1. 

Table 1. Mechanical properties of normal concrete 
and UHPC 

 W/C 

Compressive 
strength 

[MPa] 
(𝒇𝒄𝒌)

a 

Tensile 
strength 

[MPa] 
(𝒇𝒄𝒕)

b 

Young 
modulus 

[GPa] 
(𝑬𝒄𝒎)

 b 

Normal 
Concrete 

0.5 50.63 2 35 

UHPC 0.23 115.2 4.5 70 

a) measured at 28 days on cubes according to standard EN 
12390-1 

b) measured at 28 days on cubes according to standard EN 
1992-1-1: 2005 

2.2 Instrumentation 

2.2.1 Strain gauges 

The highest value of steel stress/strain will be 
observed where the cracks appear at random 
locations, while the smallest ones will be occurred 
in the zones without any cracks and bond-slip 
between concrete and steel rebar. Before loading, 
crack locations were not predictable, that is why 
strain gauges (SGs), Figure 1, are installed equally 
spaced along the concrete prism to follow strains 
along the embedded rebar. The installation of the 
SGs were done in accordance with FSEL [9] to 
reduce disturbing bond condition, Figure 1. As 
more strain gauges are mounted on the rebar, 
more detailed data can be collected along the 
specimens.  

Two patterns for installing the strain gauges are 
presented in Table 2; the first two concrete prisms, 
1-N150 and 2-N100, instrumented by fifteen SGs 

with a spacing of approximately 50 mm. The 
remaining eight specimens were instrumented 
with eight SGs, with the first one located at 
approximately 50 mm from the edge of the 
concrete and the remaining distance between SGs 
was approximately 100 mm, Figure 1. 

 
50 

mm
100 
mm

800 mm

Epsilon

 

Figure 1. Gluing strain gauges to rebar, and 
sectional properties of specimens with locations of 

strain gauges in two proposed pattern. 

Table 2. Tested specimens 

Specimen Group 
Dimension 

[mm2] 
Number 
of SGs 

Type 

1-N150 2 150x150 15 NC 
2-N100 1 100x100 15 NC 
3-N150 2 150x150 8 NC 
4-N150 2 150x150 8 NC 
5-N100 1 100x100 8  NC 
6-N100 1 100x100 8 NC 
7-N100 1 100x100 8 NC 
8-U100 3 100x100 8 UHPC 
9-U100 3 100x100 8 UHPC 

10-U100 3 100x100 8 UHPC 
NC: Normal concrete 

In addition, a 100 mm strain gauge named Epsilon 
was mounted to the naked rebar, Figure 1, to 
measure the local strain without concrete/steel 
composite action. Both the previously attached 
strain gauges and the Epsilon, were connected to a 
data acquisition system and strains were recorded 
at a rate of 10 Hz. 
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2.2.2 Digital image correlation (DIC) system 

To enable DIC measurements performed by 
ARAMIS system [10] [11], the monitored surface 
needs to be prepared beforehand. Firstly, all the 
voids in the surface were filled using cement-based 
putty. Then, the surface were painted white and, 
once the white paint had dried, a speckle pattern 
was painted on the surface using black spray paint 
based on the chosen pattern. 

To find the most suitable speckle pattern for this 
test and determine its noise, different patterns, 
created by the software Speckle Generator, 
evaluated with the ARAMIS system. The pattern 
with speckle diameter [px]: 7.14, and coverage [%]: 
59, is recognized as the most suitable one for this 
test. 

The image correlation system (ICS) [11] employed 
two 5 Megapixel cameras, equipped with lenses 
having a 12 mm focal length. The cameras were 
placed 1350 mm from the surface of the specimen 
at a 25° angle to one another, see Figure 3. Then, 
the calibration of the two cameras were done using 
a calibration cross CC20/700x560. The shutter 
speed then changed to have maximum brightness 
without overexposing the images. To illuminate the 
specimen, two external LED projection as a light 
sources were used and placed behind the cameras. 

Figure 3 shows the distances between the lights, 
cameras, and specimen. 

The measurements start by imaging the specimen’s 
surface in initial condition, and then in deformed 
stages, to obtain surface strains datasets. The 
surface components used to evaluate strains and 
displacements have a facet size of 40 px and a point 
distance of 20 px. The facet size is a lot larger than 
the default value of 15 px because this increase in 
facet size improves the accuracy in measuring point 
results. Each specimen was monitored with a 
frequency of 1 Hz and analyzed by a commercial 
DIC code with 3D measuring capabilities, ARAMIS 
(GOM mbH). The ARAMIS system gave 2448x2050 
px image resolution and 1005x880 mm for 
measuring area at the current set up. 

Tensile 
tie

1350

2800

[mm]

 

Figure 3. Placement of the cameras and lights and 
their distances 

 

Figure 4. Components in ARAMIS used for all specimens 
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2.2.3 Test set-up 

The specimens were tested in pure tension using a 
600 kN testing machine where the reinforcement 
on both sides of the specimen was tethered. 
Specimens were aligned in the machine, thus, the 
surface of the specimen was perpendicularly 
aligned to the cameras. The average reinforcement 
strain was measured by the total movement of the 
machine. Four plates, GripTop/GripBot in Figure 4, 
were glued to the machine, and these four plates 
act as a virtual strain gauge in ARAMIS. Two plates, 
ReinfTop/ReinfBot in Figure 4, were also added to 
the reinforcement to visualize the rebar strain in 
ARAMIS. Three different loading patterns were 
used depending on the specimen’s type and 
dimension, Figure 5. 

 

 

Figure 5. Load sequences for 1) 100x100mm2 - 
Normal concrete (2-N100), 2) 150x150 mm2 - 

Normal concrete (3-N150), and 3) 100x100 mm2 - 
UHPC (8-U100) 

3 Theoretical approach in tensile 
behaviour of RC tie during the 
tests 

The constitutive law adopted to simulate the 
tensile behaviour of the specimens is called CEB 

Model [12], which is developed for non-linear 
plastic behavior of RC members, stemming from 
the tension stiffening effect. The mechanism of 
cracking in RC members subjected to monotonic 
tensile loading is shown in Figure 6 presenting 
different regions of the structural behavior of RC 
members, comprising 1) un-cracked concrete with 
elastic behavior, 2) cracked phase and 3) stabilized 
cracking until yielding of reinforcement. 

After crack initiation, the member changes its 
behavior due to the initiation and propagation of 
the cracking mechanism. In this phase, the 
maximum stress value of the reinforcement 
calculated based on the notion of the cracked 
section, where the maximum stress in the concrete 
under tension reaches its tensile strength. It can be 
calculated by Equation 1 [13]. 

𝜎𝑠𝑟 =
1+𝜂𝜌

𝜌
𝑓𝑐𝑡    (1) 

Where, 

𝜌 =
𝐴𝑠
𝐴𝑐
⁄  is the reinforcement ratio, 𝜂 =

𝐸𝑠
𝐸𝑐
⁄ , 

and 𝑓𝑐𝑡 is the tensile strength of concrete. 
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Figure 6. Conceptual model of tensile behavior 
including identification of the most relevant 

stages, Discussed by [14] in more details. 

When the prisms reach their tensile strength under 
uniaxial tension, cracks were formed at random 
locations according to locally weak sections. These 
cracks were monitored by DIC as a jump in the 
surface displacement. According to Mahal, et al. [3] 
these jumps can be indicative of the formation of 
the cracks. Figure 7 shows the location of four 
cracks in 2-N100, red contours showing the most 
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deformed areas, while the process of crack 
formation is already passed and the specimen is in 
the stabilized cracking phase. 

 

Fig. 7. Four cracks recognized by DIC in 2-N100 
under 55 kN tensile loading 

By propagating the tensile cracks, the axial stiffness 
of the prisms decreased going torward the naked 
rebar, Figure 6. In this phase, the cracks are close 
to each other and their average spacing remains 
constant, that is why a load increase only causes an 
increase of the crack width [15]. 

In the stabilized cracking phase, the behavior of the 
prism changes with regard to the cracks’ location 
and bonding condition. As can be noticed from the 
non-linear load-strain graph, Figure 6, decreasing 
the stiffness of the tensile ties continues even after 
the appearance of the last crack. It means, the 
concrete contribution, because of bonding 
degradation, were decreased in the neighborhood 
of the primary cracks. 

Many models have been published, which are 
based on the bond-slip mechanisms between 
concrete and reinforcing bars. In table 3, three 
tension-stiffening models developed for estimating 
the average non-linear strain in embedded rebar, 
are mentioned. 

These models predict the average strain along the 
member, while, in order to find the critical stress 
transmitted by the reinforcement, it is highly 
important to find the local strains, point by point, 
along the reinforcement as a function of the 
concrete contribution. As illustrated in Figure 8, the 
contribution of concrete in tension is a non-linear 
function of the concrete strength, the geometry of 
the member, the reinforcement ratio, the bond 
properties of the reinforcement and the modular 
ratio [15]. In each segments (i) by increasing 

distance from a crack, the tensile stress in concrete 
increases again and is transferred by the bond [15]. 

Table 3. Formulae proposed by various authors for 
predicting strain in embedded rebar 

Stramandinoli 
et al. [16] 

𝜺𝒔𝒎 = (
𝝈𝒔𝒓
𝝈𝒔
)
𝟐

𝜺𝑹𝑪 + [𝟏 − (
𝝈𝒔𝒓
𝝈𝒔
)
𝟐

] 𝜺𝒔 

Where, 
𝜺𝑹𝑪

*: Average strain in the RC 
member, assuming linear elastic 
behavior 
𝜺𝒔

*: Linear elastic strain in the 
naked rebar 

Khalfallah and 
Guerdouh [13] 

𝜀𝑠𝑚 = 𝜀𝑐𝑟 +
𝜀𝑠 − 𝜀𝑠𝑟
2

 

+
1

2
√(𝜀𝑠 − 𝜀𝑠𝑟)(𝜀𝑠 + 3𝜀𝑠𝑟 − 4𝜀𝑐𝑟) 

𝜀𝑠𝑟
*: Strain in naked rebar 

corresponding to 𝜎𝑠𝑟 
𝜀𝑐𝑟

*: Strain in the RC member 
corresponding to 𝜎𝑠𝑟 

Carmo et al. 
[17] 

𝜀𝑠𝑚 =
𝑤

𝑠
+ 𝜀𝑐𝑚 

Where, 
W: Crack width, S: Distance 
between cracks 

* This parameters are shown in Figure 6 

   

 

Figure 8. Conceptual figure of effective area in 
tension 

4 Proposed model 

For developing a semi-empirical equation, 
boundary conditions needs to be defined, Equation 
2. Because of describing the plastic behavior, 
proposed equation, 𝜀𝑠𝑚, needs to be in a non-
linear form. Regarding the presented conceptual 
model in Figure 6, it starts from 𝜀𝑐𝑚 in 𝜎𝑠 = 𝜎𝑠𝑟  and 
then, declined to naked steel strain 𝜀𝑠 in infinity. 
The reason is, the effect of concrete contribution 
will not be equal to zero. The intensity of the non-
linearity can be defined by a 𝛼 value obtained by 
experimental tests. Respect to the model proposed 
by Stramandinoli [16], Equation 3 is proposed as an 
experimental definition of the behavior correspond 
to each segment (i=n), illustrated in Figure 8. Then, 

Crack Crack

Reinforcement

Effective area 
in tension

Distribution 
of tension

LLC, i + LC, i

LLS, i + LS, i

i=
0

i=
1

i=
2

i=
nL + 

Y
X
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this equation is verified by laboratory tests in the 
next part. 

{
𝐹𝑢𝑙𝑙 𝑐𝑜𝑛𝑐𝑟𝑒𝑡𝑒 𝑐𝑜𝑙𝑙𝑎𝑏𝑜𝑟𝑎𝑡𝑖𝑜𝑛 𝜎𝑠 = 𝜎𝑠𝑟  →  𝜀𝑠𝑚 = 𝜀𝑐𝑚

𝑤𝑖𝑡ℎ𝑜𝑢𝑡 𝑐𝑜𝑛𝑐𝑟𝑒𝑡𝑒 𝑐𝑜𝑙𝑙𝑎𝑏𝑜𝑟𝑎𝑡𝑖𝑜𝑛 𝜎𝑠 = ∞ →  𝜀𝑠𝑚 = 𝜀𝑠
  (2) 

𝜀𝑠𝑚 = (
𝜎𝑠𝑟

𝜎𝑠
)
𝛼

⏟  
ǀ

𝜀𝑐𝑚 + [1 − (
𝜎𝑠𝑟

𝜎𝑠
)
𝛼
] 𝜀𝑠⏟        

ǁ

    (3) 

By substituting Equation 1 into Equation 3, 
Equation 4 is proposed to estimate the local strain 
(𝜀𝐿𝑆,𝑖) of embedded rebar, regarding local surface 

strain (𝜀𝐿𝐶,𝑖) in the cracking and stabilized cracking 

phases. 

∑𝜀𝐿𝑆,𝑖

𝑛

𝑖=0

= 

(
𝑓𝑐𝑡(1+𝜂𝜌)

𝜌𝜎𝑠
)
𝛼
∑ 𝜀𝐿𝐶,𝑖
𝑛
𝑖=0 + [1 − (

𝑓𝑐𝑡(1+𝜂𝜌)

𝜌𝜎𝑠
)
𝛼

]
𝜎𝑠

𝐸𝑠
   (4) 

In the plastic behavior zone (𝜎𝑠 > 𝜎𝑠𝑟), Where, 

𝜀𝐿𝑆,𝑖 =
∆𝐿𝑆,𝑖

L𝐿𝑆,𝑖
 is local strain (i=n) in embedded rebar 

𝜀𝐿𝐶,𝑖 =
∆𝐿𝐶,𝑖

L𝐿𝐶,𝑖
 is local strain (i=n) on the surface of the 

concrete 

𝜎𝑠 =
𝐸𝑠(𝜀−

𝜎𝑠𝑟
𝐸𝑅𝐶

)
2

(

 
 
𝜀− 𝜀𝑐𝑟⏟

(
𝜎𝑠𝑟
𝐸𝑅𝐶

)
)

 
 
+

(

 
 𝜎𝑠𝑟
𝐸𝑠
− 𝜀𝑐𝑟⏟

(
𝜎𝑠𝑟
𝐸𝑅𝐶

)
)

 
 

+ 𝜎𝑠𝑟  [13] (5) 

Which is a mathematical equation, for predicting 
the average stress level in intended part, 𝜎𝑠, 
formulated by Khalfallah and Guerdouh [13], and 𝜀 
is the average strain along the intended surface 
which is patterned and monitored by DIC. 𝐸𝑅𝐶  is 
the elastic modulus of the reinforced concrete, 𝜌 =
𝐴𝑠
𝐴𝑐
⁄  is the reinforcement ratio, 𝜂 =

𝐸𝑠
𝐸𝑐
⁄ , 𝑓𝑡 is 

the tensile strength of concrete, and 𝛼 is a constant 
value depended on the concrete material and 
geometry presented earlier. 

The 𝛼 value highly depends on the concrete 
material, concrete cover, and loading level. Thus, 
the solution to the proposed equation is 
considered equal with what is obtained by installed 
SGs on the embedded rebar. Then, by substituting 
the other parameters, 𝛼 values calculated. Figure 9 
illustrated 𝛼 values versus different loading levels. 
These graphs presented for three groups of tensile 
ties, 1) Normal concrete with 100*100 cross-

section, 2) Normal concrete with 150*150 cross-
section, and 3) UHPC with 100*100 cross-section. 
As it can be seen in Figure 9, the deviation of 𝛼 
values are small. That is why a constant value, 
average 𝛼 values, can be considered as best fit 
describing this parameter in Equation 4. Then, the 
values for these three groups of specimens 
resulted as 𝛼= 0.25, 0.8, and 1.3, respectively. Need 
to mention, the concrete cover can be addressed 
by Eurocode [SS-EN 1992-1-1: 2005]. 

 (1)

 (2) 

(3) 

Figure 9. Sensitive analysis of 𝛼 value, correlated 
with loading level 



IABSE Congress Ghent 2021 - Structural Engineering for Future Societal Needs 

 

7 

5 Results and conclusions 

The results shown acceptable correlation, for all 
specimens. However, the sensors, installed on 5-
N100, did not work and no strain data is collect 
from this test. In addition, there are some 
differences in the area around the primary cracks, 
which could be due to the forming conical cracks 
[18]. Therefore, more studies are in need to be 
performed to investigate the bonding conditions 
around the cracks. 

Figure 10 shows the surface strain distribution 
measured by DIC (dashed line), for 2-N100, and the 
cracks recognized by jumping in the graph. The 
reinforcement strain measured by the SGs (dotted 
line) are plotted on the same graph together with 
the predicted strain of the reinforcement bar (solid 
line). Under 23 kN load level, the displacement field 
is almost constant with one jump at x=290 mm, 
where x is the distance from the bottom end of the 
specimen measured along its length. The jump in 
the displacement field indicates the location of the 
first crack. As it can be seen, the strain in the 
reinforcement measured by the strain gauge, SG6, 
was 0.075 %, which is almost equal to what is 
predicted by proposed equation. Under 28.8 kN, 
the third crack formed at x= 410 mm, where the 
strain recorded by DIC was considerably higher 
than the one recorded by strain gauges, and 
proposed equation. By increasing the loading level 
and crack widths, strain monitored by DIC in the 
location of the cracks, going to be more different 
with what is obtained by installed SGs. This means 
that changes in crack opening is not a perfect 
representation of the rebar deformation. This issue 
would be a negative part of the model proposed by 
Carmo et al. [17]. 

Table 4 shows the load registered by the data 
acquisition system at the same time as the cracks 
form for all the specimens. In addition, the loading 
point needed for the appearance of the first crack 
predicted by Equation 1 is compared with 
experiments, for verification. It shows a good 
correlation with experimental results, except three 
specimens casted by UHPC. In these cases, 8-U100, 
9-U100, and 10-U100, shrinkage cracks as weak 
surfaces have occurred during curing, and cracks 
appeared before predicted loading level. 

 

 

Figure 10. Surface deformation in cracking loads 
for 2-N100, together with strain in the embedded 
rebar and that of predicted by proposed equation 

Table 5 presents the average correlation factor, 
strain obtained by the proposed equation divided 
by strain obtained by the installed SGs, in both low 
and high loading level conditions. In group 2 and 3, 
the prediction of the steel strain have less 
correlation with that of monitored by SGs, 
especially in the lower loading levels. In terms of 
group 2, the reason is a difference in the cross-
section area. The concrete cover in the second 
group of specimens is larger than that of the first 
group. That is why the surface deformation needs 
higher loading levels to be affected by steel strain. 

Group 3, were casted by UHPC, which is a more 
brittle concrete compared to normal concrete. 
Regarding the results in group 3, in comparison 
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with the second group, better correlation is 
observed. It means the effect of concrete cover is 
more than that of material properties, in the 
utilization of the method for predicting strain in the 
embedded rebar as a function of surface 
deformation. 

To sum up, despite some drawbacks, such as 
sensitivity to heat and camera movement, the DIC 
method have many advantages that makes it 
increasingly attractive for structural inspectors. 
There is a possibility for further advancements in 
SHM like; estimating affected bonding zone in RC, 
virtual work done by the concrete contribution and 
timetabling the needed maintenance services, by 

utilization of innovative methods. In addition, the 
use of remote and contactless technology to 
improve assessment procedures could significantly 
reduce track possession. 
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Table 4. Cracking loads registered in the data acquisition system for all specimens 

  Predicted 
by eq. 2 

[kN] 

Experimental results: Cracking loads registered in the data 
acquisition system [kN] 

 Specimen First 
cracking 
load 

1st 
Crack 

2nd 
Crack 

3rd 
Crack 

4th 
Crack 

5th 
Crack 

6th 
Crack 

7th 
Crack 

8th 
Crack 

N
o

rm
al

 C
o

n
cr

et
e

 1-N150 46.88 43.6 50.7       

2-N100 21.88 23.0 26.0 28.8 41.8     

3-N150 46.88 49.9        

4-N150 46.88 38.2        

5-N100 21.88 25.7 27.4 33.7 44.7     

6-N100 21.88 19.6 20.9 25.5 29.4     

7-N100 21.88 23.5 25.2 41.1      

U
H

P
C

 8-U100 46.9 21.6 21.6 26.8 31.0 33.9 88.5   

9-U100 46.9 21.5 21.5 33.1 33.1 35.4 40.9 43.1 73.5 

10-U100 46.9 20.7 26.1 26.1 33.9 31.1 38.5   

Table 5. Comparing average correlation factor obtained by all the specimens in low and high loading level 

  Low loading level High loading level 

 Tension tie Load [kN] Average correlation factor Load [kN] Average correlation factor 

Group 1: 2-N100 23 0.87 94.2 0.93 
 6-N100 19.6 0.84 100.5 0.96 
 7-N100 23.5 0.89 100.1 0.97 

Group 2: 1-N150 43.6 0.38 103.4 0.85 
 3-N150 49.9 0.33 94.15 0.83 
 4-N150 38.2 0.42 99.5 0.89 

Group3: 8-U100 21.6 0.64 100.4 0.81 
 9-U100 21.5 0.58 100.1 0.77 
 10-U100 26.1 0.68 100.4 0.86 
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Abstract. Conventional bridge inspection is usually performed by experienced 

engineers, trying to detect and document damage patterns manually. By in-

creased number of built Bridges, there is a growing interest in automated dam-

age detection methods. Therefore, the field of autonomous bridge inspection 

with the application of machine learning techniques on UAV-taken images is 

gaining popularity. Due to recent technological advancement, a large number of 

datasets can be collected, with a high rate of productivity and accuracy, to train 

convolutional neural networks (CNNs) leading us to automated Structural 

health monitoring (SHM). In this paper, a case study is chosen to scan two 

times with almost one year as a time interval. In the first scanning, dataset was 

gathered to train four different CNNs. Then, the performance of CNNs was 

compared for the purpose of autonomous crack detection in the second round of 

scanning. Models evaluated on a number of performance metrics, namely- (i) 

accuracy, (ii) loss, (iii) computation time, (iv) model size, and (v) architectural 

depth. Finally, the performance of studied CNNs is discussed, which can lead 

researchers in the Transfer-Learning approach to generate a model for damage 

detection with a limited number of datasets prepared in the first turn of bridge 

inspection. 

Keywords: Structural health monitoring, Crack detection, Inception v3, Goog-

leNet, ResNet-50, VGG-19. 

 

 

1 Introduction 

Regular bridge inspections are usually scheduled, as part of proactive maintenance 

services, to evaluate their current health condition and anticipate future needs. Typi-

cally, a routine inspection consists of field measurements and visual observations 

handled by a bridge inspector. In Sweden, the main inspection is performed every 6 

years, which has many certain challenges such as high cost/time consuming, different 

ways of quantification/documentation, and most important of all, endangering the 
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safety of inspectors in difficult to reach areas. Therefore, to overcome these challeng-

es, there is an increasing interest in modern techniques for off-site inspection. 

Crack detection using optical methods can be performed on regular digital images, 

infrared, ultrasonic, or laser information [1]. There are two ways of optical methods 

including image processing and computer vision techniques. Previously, image pro-

cessing technology (IPT) was used to detect and evaluate the damage distribution. IPT 

needs to design a reasonable feature extraction algorithm for specific data, but due to 

lack of intelligence, it is very difficult to extract high-level features from images, 

autonomously. This algorithm works only with certain images, and due to the effects 

of noise such as illumination, shadows, and the combination of several different sur-

face imperfections, the detection results may be inaccurate [2]. It means the image 

processing algorithms are designed to aid the inspector in defect detection and still 

rely on human judgment for final decisions [2]. However, in computer vision, it is 

possible to distinguish between objects, classify and localize them, like the process of 

visual reasoning of human vision. Therefore, some researchers tried to improve the 

efficiency and robustness of IPT-based methods in real-world conditions by applying 

computer vision techniques. 

Initially, machine learnings have been applied as Support Vector Machine (SVM) 

technique for crack detection (Shi et al., 2016 [3]), which was a supervised method. 

Despite its improvements, there were two major disadvantages for this technique: (1) 

it still requires time-consuming post-processing, and (2) only one damage type can be 

detected. Therefore, the Convolutional Neural Network (CNN) was proposed to pro-

vide multiple classifications. The main advantage was its automatic feature extraction 

during the training process. In recent years, deep-learning algorithms had shown re-

markable performance in damage recognition, and CNNs has attracted wide attention 

as an effective recognition method. 

The aim of the current paper is a pilot study to automate bridge inspections. To this 

end, the performance of four different CNNs including VGG-19 [4], Inception v3 [5], 

GoogleNet [6], and ResNet [7] were compared in terms of accuracy, loss, computa-

tion time, model size, and architectural depth. These networks explored and finally 

decided to consider most efficient methods on the prepared dataset. They were chosen 

due to their results in ImageNet [8] that showed remarkable performance than other 

image classifications. These pre-trained CNNs have been utilized for crack detection 

in the literature review, as can be noticed in Table 1. 

Table 1. An overview of different discussed CNNs. 

Model Year Model size Accuracy on imageNet [8] Parameters Depth Studies 

VGGNet-19 [4] 2014 549 MB 79% 143,667,240 26 [9] [10] 

Inception v3 [5] 2016 92 MB 94.4% 23,851,784 159 [11] [12] 

[13] 

GoogleNet [6] 2015 27 MB 88.93% 11,193,984 22 [14] [11] [9] 

[12] [15] 

ResNet-50 [7]  2016 99 MB 75.9% 25,636,712 168 [14] [9] [11] 

[13] 
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2 Field deployment 

A simply supported bridge has been studied with 6.9m and 3.9m span and width, 

respectively. This bridge has been scanned two times by almost one year time span. 

The first scanning (October 2017) was performed on a cloudy day, and the second 

scanning (November 2018) is carried out in almost the same light condition after a 

heavy snowfall. As it can be seen in Figure 1, a graffiti pattern was drawn on the west 

abutment of the bridge. Thus, it was an interesting opportunity to discuss the perfor-

mance of CNNs in terms of damage detection on the same wall with occurred chang-

es. The plan is to generate datasets from the first scanning for training studied CNNs, 

and then test their performance on the images taken from the second scanning. 

 

Fig. 1. Photos taken from same part of the Pahtajokk Bridge; (Left) first scanning, and 

(Right) second scanning. 

Images were taken using a 3DR Site Scan drone equipped with a Sony R10C camera 

with a 16-50 mm zoom lens, Figure 2. The Sony camera has a resolution of 20.1 meg-

apixels and uses an APS-C size sensor. 

 
Fig. 2. Data acquisition equipment, unmanned aerial vehicle-3DR Site scan 

3 Methodology 

This method comprises five different steps including (1) data acquisition in first scan-

ning, (2) dataset preparation, (3) designing learning architecture, (4) training the 

CNNs, and (5) evaluation the performance of trained model. Figure 3 shows the 

flowchart of the procedure. 
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A deep learning architecture could be 
designed to have pooling, convolutional 

and fully connected layers. 

Detecting features such as complex non 
linear relationships between dependent 
and independent variables, based on the 

texture and color of each patch

These features are associated with a 
binary label indicating the presence or 
absence of cracked surface (Soft max)

Models evaluated on a number 
of performance metrics, namely- 

(i) accuracy, (ii) loss, (iii) 
computation time

2- Data preparation

3- Designing learning 
architectute

4- Training the CNN

5- Evaluate the 
performance of the CNNs

1- Data acquisition
(First scanning)

 
Fig. 3. The schematic workflow of studied autonomous damage detection technique 

 

To generate a dataset containing cracks between abutment blocks, 140 images 

(5634×3753 pixels) were captured under different perspectives and light conditions 

during the first scanning. The aim was collecting images from the cracked and not 

cracked parts with different surface appearances to increase the diversity of the da-

taset. These images were taken under different light conditions and environmental 

complexities with a ranging distance of 2.0 -4.0 m from the surface. Then, images 

sliced into 227×227 pixels, and 8344 cropped images were collected among them to 

generate the dataset. These prepared images were divided into two categories, cracked 

and no cracked surfaces, and used for training AI networks. Overall, the classified 

datasets including 3612 images of crack and 4732 images of no crack surfaces, that 

some examples of images are illustrated in Figure 4. 

N
o
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ck
 

       

C
ra

ck
 

      

Fig. 4. Examples of the prepared dataset 

Before the training phase, generated datasets were divided into training and validation 

groups at an 80/20 ratio, to validate and assess the CNNs during training. With in-

creasing the depth of CNN, its accuracy would be increased, as long as over-fitting is 

mitigated by some techniques, such as data augmentation. Therefore, data augmenta-

tion is used to reduce the overfitting and, consequently, increasing the performance of 

trained CNN. In this study, random cropping of rescaled (1x to 2x) images were used. 

The goal of the random rescaling and cropping is to learn the important features at 

different scales and positions. In addition, random rotating (0 to 90 degree) together 
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with random mirroring, in both X and Y direction, were performed. Data normaliza-

tion is then applied to avoid the influence of high-frequency information through the 

dataset; hence, it makes image data frequency satisfy normal distribution, mean =0 

and variance =1. 

4 Results and discussion 

All the models were trained in 30 epochs, considering 0.001 as learning rate, 128 

images as mini-batch size, 20 iterations as verification frequency, and computed using 

Intel ® Core ™ i9-9880H CPU 2.30 GHz, as an execution environment. These pa-

rameters affect the computation time of learning. Thus, their values considered fix to 

compare the performance of CNNs on the prepared dataset. Then, four trained CNNs 

were used to classify images, crack or no crack. 

To test trained CNNs, new image (6240×4160 pixels) from the second scanning 

were chosen, Figure 5. The interesting thing about the chosen image for verification 

was the graffiti drawn during the one year between two scannings. It made a complex 

pattern to put the trained networks in a real challenge. Figure 5 shows the detected 

cracks by CNNs with green bounding boxes, while blue highlighted strips are recog-

nized cracks by an expert human inspector. 

 

Fig. 5. Detected damages by studied CNNs (bounding boxes) compare with on-site 

inspection (highlighted strips 
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As shown in Figure 5, the experimental results show that GoogLeNet has the best 

performance in the terms of accuracy and precision. This method drew a boundary-

box around the likely damaged regions. The output is not a pixel-wise region specify-

ing the local coordination of cracks. There is a tradeoff for selecting the suitable size 

for cropping images. To get finer recognition, it is needed to feed smaller crops of 

images. The smaller size will increase the precision of localization. However, if the 

region is more finely divided, the information contained therein may not be sufficient 

to judge whether the crack exists or not. 

Generally, by increasing training epochs, training accuracy will increase, and loss 

will correspondingly decrease. The deeper architecture of CNN, the quicker evolution 

in training accuracy is obtained with the same epochs of training. In Figure 6, changes 

in training accuracy and training loss are illustrated for all the studied models. It is 

clear that the training accuracy of both inception v3 and ResNet, with the highest 

depths, grown quicker than others. Depth of architecture increases the features ex-

tracted from the image and improves the quality of learning, as well. 

  

  

  

  
Fig. 6. Accuracy and loss curves for training and validation process of studied 

CNNs 

From Figure 6, it is observed that the best accuracy belongs to Inception v3, with an 

accuracy of 96.2% in almost 12 hours of training for 30 epochs. Its training accuracy 

started from 80%, then reached 90% in the second epoch of training, and the average 
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is higher than 90%. ResNet shows a similar map in which the accuracy started from 

80%, and increased to 91.6% in almost 13hours of training for the same 30 epochs. 

GoogLeNet started from 55% accuracy but grown soon to near 90%. The most bene-

ficial reason for the application of this model is its short computation time compare to 

others, which was equal to around 4 hours. The other interesting thing about Goog-

LeNet is its dropping in training loss, while it was started from a high value. It shows 

the high performance of this model for learning the prepared datasets. 

The comparison of four studied CNNs in terms of accuracy, loss, computation 

time, model size, and architectural depth is summarized in Figure 7. InceptionV3 

showed the highest accuracy on both ImageNet [8] and the prepared dataset, while its 

computation time is almost three times more than that of GoogLeNet. The small size 

of the model with less depth leads to reduce computation time. Therefore, GoogLeNet 

could be an efficient model for this study, considering its high accuracy on ImageNet 

and prepared dataset. 
Model size

LossComputation time

GoogleNet

ResNet-50

Inception v3

VGG-19

 
Fig. 7. Performance of studied CNNs (the 4th level represents the best performance 

with respect to the indicated items) 

5 Conclusion 

This work presents the implementation of four different models in machine learning-

based techniques to detect cracks between abutment blocks. Considering the analysis 

carried out in this paper leads researchers in transfer learning approach to train a 

model for damage detection with limited dataset size prepared in the first turn of 

bridge inspection. To sum up, the performance of machine learning in autonomous 

damage detection is highly affected by the dataset at first. Datasets play the role of 

knowledge of expert inspectors, and then CNN architecture is involved. At this level 

of development in this field, fully autonomous structural health monitoring is not 

achievable, and a feedback system with corrections from expert inspectors is an in-

separable part of this workflow. In another word, this technique can play the role of 

an assistant for bridge inspectors to make inspection safer, and more productive. 
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Abstract: For the inspection of structures, particularly bridges, it is becoming common to replace
humans with autonomous systems that use unmanned aerial vehicles (UAV). In this paper, a frame-
work for autonomous bridge inspection using a UAV is proposed with a four-step workflow: (a) data
acquisition with an efficient UAV flight path, (b) computer vision comprising training, testing and
validation of convolutional neural networks (ConvNets), (c) point cloud generation using intelligent
hierarchical dense structure from motion (DSfM), and (d) damage quantification. This workflow
starts with planning the most efficient flight path that allows for capturing of the minimum number
of images required to achieve the maximum accuracy for the desired defect size, then followed
by bridge and damage recognition. Three types of autonomous detection are used: masking the
background of the images, detecting areas of potential damage, and pixel-wise damage segmentation.
Detection of bridge components by masking extraneous parts of the image, such as vegetation, sky,
roads or rivers, can improve the 3D reconstruction in the feature detection and matching stages. In
addition, detecting damaged areas involves the UAV capturing close-range images of these critical
regions, and damage segmentation facilitates damage quantification using 2D images. By application
of DSfM, a denser and more accurate point cloud can be generated for these detected areas, and
aligned to the overall point cloud to create a digital model of the bridge. Then, this generated
point cloud is evaluated in terms of outlier noise, and surface deviation. Finally, damage that has
been detected is quantified and verified, based on the point cloud generated using the Terrestrial
Laser Scanning (TLS) method. The results indicate this workflow for autonomous bridge inspection
has potential.

Keywords: bridge inspection; computer vision; intelligent hierarchical DSfM; bridge 3D modeling;
damage detection; damage segmentation; damage assessment; unmanned inspections; UAV

1. Introduction
1.1. Autonomous Bridge Inspection Approaches

Bridges are an essential part of transportation infrastructure, and it is necessary to
monitor their operation during their service life. To ensure the safety of a bridge, regular
inspections are required to detect areas that may have become damaged. A measurement
regime can be implemented to provide a proactive approach to maintenance services.
All the information collected during regular inspections can be used as input data to
a Bridge Management Systems (BMSs), such as BaTMan in Sweden, which reports the
condition of structural members of a bridge. The process of regular inspection, coupled with
performance analysis strategies, for engineering structures is defined as Structural Health
Monitoring (SHM) [1], which can be carried out by visual inspection, using instrumentation
or utilization of more advanced technology.

Typically, a routine inspection consists of field measurements and visual observations
carried out by a bridge inspector. In Sweden, the main inspection is carried out every

Remote Sens. 2021, 13, 2665. https://doi.org/10.3390/rs13142665 https://www.mdpi.com/journal/remotesensing

https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0002-1375-3322
https://orcid.org/0000-0001-9423-7436
https://doi.org/10.3390/rs13142665
https://doi.org/10.3390/rs13142665
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/rs13142665
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs13142665?type=check_update&version=1


Remote Sens. 2021, 13, 2665 2 of 22

6 years, which has many challenges including high cost, total inspection time, subjective
standards of quantification and documentation, and the risk to inspectors when examining
potentially hazardous parts of the structure. For example, inspectors cannot access critical
parts of a bridge without costly equipment such as snooper trucks or scaffolding. A
study by Graybeal et al. [2] showed that 81% of visual inspections were usually evaluated
correctly. Phares et al. [3] studied the accuracy of visual inspections and found that at least
48% of individual condition ratings were incorrect. Thus, there is a need to develop simple,
inexpensive, and yet practical methods for routine bridge inspection as an alternative to
traditional visual inspections.

1.2. Sensors and Vehicles

Modern techniques usually involve non-contact methods and are able to collect a large
amount of data extremely quickly with high accuracy. Therefore, to overcome inspection
challenges, there is increasing interest in modern techniques for off-site bridge inspection
in addition to in-person visual assessment. Recently, Popescu et al. [4] compared modern
techniques and found close-range photogrammetry (CRP) to be more efficient and cost-
effective for bridge inspection. A summary of the obtained accuracy from modern and
traditional methods over the last twenty years is presented in Figure 1 [5–17].

Figure 1. Review of the obtained accuracy from optical and traditional methods over the last twenty years.

Off-site bridge inspection can be carried out using unmanned aerial vehicles (UAVs)
equipped with sensors such as laser scanners, and infrared, ultrasonic, or digital single-lens
reflex (DSLR) cameras. The latter were reviewed by Duque et al. [18] who also highlighted
how UAVs have successfully been used to detect damage such as cracks and corrosion.
In addition to carrying a wide range of task-specific sensors, UAV-based inspection can
offer the combined advantages of robot inspection and remote sensor inspection including
better site visibility and optimized views of hard-to-reach areas, coupled with significant
financial benefits.

Laser scanners are able to provide high-quality 3D point clouds but, due to their high
cost and weight, it is problematic to install them on fixed-wing UAVs. Therefore, standard
digital images have been more widely used for UAV-based data acquisition.
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1.3. Damage Recognition

After data acquisition, processing the data to recognize damage is another significant
challenge in autonomous bridge inspection. There are two methods of processing an
image-based dataset: image processing and computer vision techniques. Previously, image-
processing technology (IPT) was used to detect and evaluate the distribution of damage.
However, the results were susceptible to noise, which was mainly caused by light, image
blur and distortion. IPT works only with certain images and, due to the effects of noise from
sources such as illumination, shadows, and the combination of several different surface
imperfections, the detection results may be inaccurate [19]. Image processing algorithms
are designed to aid the inspector in finding damage and still rely on human judgment for
final decisions [19]. However, with computer vision, it is possible to differentiate objects,
then classify and localize them, much like the process of visual recognition in human
vision. Therefore, some researchers have tried to improve the efficiency and robustness of
autonomous detection in real-world conditions using computer vision techniques.

Computer vision techniques, such as autonomous classification, localization and
segmentation methods do not require manually assigned threshold values or rules. To
generate an intelligent machine requires selection of a suitable network structure, a func-
tion to evaluate the model output, and a reasonable optimization algorithm. The main
advantage of such a machine is its automatic feature extraction once the Convolutional
Neural Network (ConvNet or CNN) has been trained. Object detection algorithms have
evolved from simple image classification into multiple object detection and localization
including Region-Based Convolutional Neural Networks (R-CNN) [20], Fast R-CNN [21],
Faster R-CNN [22], You only look once (YOLO) [23], SSD [24], and Mask R-CNN [25]. It is
only recently that neural networks have been used for damage detection. In recent years,
research has mainly been focused on damage detection based on ConvNets and remarkable
progress has been made in areas such as classifying individual cracks from images and
locating them [26–28] using a bounding box. However, the segmentation [29–33] and
quantification [34–37] of defects has been little researched because the lack of labeled data
makes it difficult to generalize training models across a wide range of defect shapes.

In order to quantify defects from images, it is necessary to carry out semantic segmen-
tation on those images. Semantic segmentation is an important task in computer vision
where its goal is pixel-wise classification. To achieve this, End-to-End networks that consist
of two cooperative sub-networks (encoding and decoding) are usually used to classify
each pixel and thus segment the whole image. For instance, U-Net [38] and SegNet [39]
were tested in the International Society of Photogrammetry and Remote Sensing (ISPRS)
semantic segmentation challenge and achieved outstanding performance.

For concrete defect assessment, it is also important to work in three dimensions for
more accurate quantification, localization and documentation. Both the perspective and the
geometry distortion of structural surfaces in the images can be corrected after projecting
and stitching images from different point of views into the single 3D model. Therefore, for
the aim of damage assessment in 3D models [40,41], the photogrammetric technique of
converting sets of 2D images into 3D point cloud models has become increasingly popular.

1.4. Hierarchical 3D Model Generation

Such models must have sufficient accuracy and resolution to represent all kinds of
small-scale visual details, often less than a millimeter in size. Khaloo et al. [42] described
the use of UAVs to produce 3D models with enough accuracy to detect defects on an
85 m-long timber truss bridge. They proposed a hierarchical algorithm for dense structure
from motion and compared the output against that from laser scanning with respect to the
quality of the captured point clouds, the local noise level, and the ability to render damaged
connections. There are many variables which affect the accuracy of the resulting 3D models,
including interior characteristics of the camera sensor, camera imaging parameters, camera
placement, scene complexity, surface texture, environmental conditions, and targeted object
size, all of which will be discussed more in this paper. However, there are two issues that
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need to be addressed in their proposed hierarchical dense structure from motion (DSfM)
algorithm. The first is the requirement for an on-site inspection to find areas that are
most-likely damaged so that closer images of these regions can be taken. The second is
outlier noise and surface deviation caused by errors in the triangulation procedure and
inaccuracy in matching tie points.

1.5. Research Significance

The aim of the paper is to improve the hierarchical DSfM method described in [42], by
using it for autonomous damage detection, and explore how to improve the quality of 3D
reconstructions of defects on structural elements, by generating more detail with less noise.
The case study is of a single-span simple supported concrete bridge, that was scanned
twice in a year. During the first scan, images were captured in two series of datasets. The
first dataset was collected with the aim of identifying bridge components and areas of
damage. The second dataset was used for pixel-wise damage segmentation in the areas
of potential damage, using fine-scale details. To develop the method of hierarchical 3D
model generation proposed by Khaloo et al. [42], a ConvNet was trained to detect regions
that were potentially damaged. To achieve this, a computer vision method based on an
Inception v3 [43] network was used to detect areas of damage with autonomous detection
of critical regions. This method generated denser point clouds. In terms of semantic
segmentation for bridge component detection, SegNet was used to detect background and
unnecessary parts of the raw UAV images to reduce outlier noise. Then, U-Net was used for
pixel-wise defect segmentation to quantify joint opening in the generated 3D model. All the
trained ConvNets were utilized in the autonomous inspections. Thus, it is only necessary
to update the datasets when new damage appears on the structure over its service life.
The usefulness and importance of this proposed workflow is discussed with reference to a
case study of the Pahtajokk Bridge, in terms of data acquisition, model reconstruction, and
damage quantification. In order to assess the accuracy of the proposed method regarding
point cloud generation and defect quantification, a 3D model was compared with laser
scanning data.

2. Field Deployment and Methodology
2.1. Case Study

Pahtajokk Bridge was used as a case study, Figure 2. It is a simply supported bridge
with a 6.9 m span and 3.9 m width. This bridge was scanned twice in just under a year. The
first scan was carried out on a cloudy day, and the second scan carried out in almost the
same lighting conditions after a heavy snowfall.

Figure 2. The same part of the Pahtajokk Bridge (a) first scan, (b) second scan. One year between photos.
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2.2. Workflow

The workflow starts with a pre-check of the site, determining the strength of GPS
coverage, testing suitable UAVs for flying in narrow/irregular spaces, planning the flight
routes, and data collection. It is a good idea to walk around the bridge and nearby terrain
a few times to check the access to designated spaces before data collection begins, to
understand issues such as clearing shady vegetation and control of lighting conditions, and
to carry out dust removal from enclosed spaces. Then, the flight path, work distance and
camera angle need to be optimized to minimize the ground sampling distance (GSD) and
maximize the field of view (FOV). After data collection for the first scan using a suitable
flight path, a dataset is generated for training of the damage and bridge component
recognition models and is utilized in the autonomous routine inspections. Input data for
training CNN models to mask the background, detect areas of potential damage, and
pixel-wise joint opening segmentation, were prepared while taking into account lighting
conditions and blurriness of images to achieve greater accuracy.

Based on the hierarchical DSfM workflow [44], damaged areas are detected by on-site
inspection while, in this proposed method, areas that are potentially damaged are detected
autonomously by a ConvNet model. A drone can be used to capture high-resolution
images from nearer to detected areas of damage, with that distance dependent on the
intended scale of joints to be monitored. The final 3D model can be achieved by merging all
dense point clouds with an overall 3D model of the bridge. Figure 3 shows the proposed
workflow for four main tasks to achieve a systematic and reliable bridge inspection. It
should be noted that dataset preparation for training ConvNets only requires data from
the first scan. If new damage occurs, that dataset will need updating.

Figure 3. The schematic workflow of the proposed intelligent hierarchical structure from motion.

2.3. Data Acquisition

The Structure-from-Motion process (SfM) starts with image acquisition. These images
are fed into a commercial SfM software package, Agisoft PhotoScan Pro (LLC, 2017), which
simultaneously determines the interior orientation and defines parameters relating to the
exterior orientation of the camera, such as camera angle and work distance, relative to the
scanned object.

The generated point cloud must have sufficient accuracy and resolution to represent
the types of small-scale visual details that inspectors look for during an inspection, details
that are often less than a millimeter in size. For scanning the structure using CRP, images
of the bridge were captured from several points of view, corresponding to the standoff
distance of the camera from the bridge. The flight path plan arguably has the greatest
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impact on data quality since it affects light conditions, camera angle, offset distances, flight
pattern, and degree of overlap between images.

Images were taken using a 3DR Site Scan drone equipped with a Sony R10C cam-
era with a 16–50 mm zoom lens, see Figure 4. The Sony camera has a resolution of
20.1 megapixels, using an APS-C size sensor, and has an interior orientation as shown in
Table 1. This information was used to calculate GSD and FOV versus work distance, as
shown in Figure 5. The GSD equals the distance between the center of two consecutive
pixels on the target surface. Ideally, a smaller GSD value is better, but the FOV value should
be considered as well, because a larger FOV minimizes the number of images required for
data collection (refer to Chen et al. [45] for further details).

Figure 4. Data acquisition equipment: unmanned aerial vehicle 3DR Site scan.

Table 1. Interior orientation of the sensor installed on the UAV.

Horizontal Sensor Size Camera View Angle Focal Length Horizontal Pixel Number Shutter Speed

6.16 mm 66.24 degrees 3.61 mm 4000 1/13

Figure 5. Correlation of (a) GSD and (b) FOV versus work distance.

2.4. Data Preparation

There are three steps to apply computer vision, before point cloud generation and
damage quantification. The first is bridge component detection using background masking.
For this, the dataset contained 419 outdoor scene images (6240 × 4160 pixels) of the bridge
captured by the authors and an amateur photographer. Some examples of these images
and their corresponding binary labels are shown in Figure 6. Images tend to show the
bridge as the main object and were labeled manually by the authors into the two classes.
The pixel-wise labels of the dataset were converted into high-level scene classes (bridge
and background) as binary images, using Agisoft PhotoScan Pro (LLC, 2017). The prepared
dataset was resized to 448 × 448 pixels, which was the acceptable input size for the
considered ConvNets architecture.
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Figure 6. Examples of the prepared dataset for bridge component detection and their corresponding labels.

The second step is damaged area recognition. To generate a dataset containing damage
information, 140 images (5634 × 3753 pixels) were captured with different perspectives and
lighting conditions during the first scan, from a distance of 2.0–4.0 m from the surface. The
aim was to collect images of both damaged and undamaged parts of the bridge which had
different surface appearances, to increase the diversity of the dataset. Images were then
sliced into 227 × 227 pixels, and 8344 cropped images were collected from them to generate
the dataset. These prepared images were divided into two categories, damaged and
undamaged surfaces, and used for training ConvNet. Overall, the classification datasets
used 3612 images of damaged and 4732 images of undamaged surfaces. Some examples of
these images are shown in Figure 7.

Figure 7. Examples of the prepared dataset for detection of potentially damaged areas.

The third step is joint segmentation to facilitate the quantification of joint length and
width. To generate a dataset containing damage information, 283 close-range images
(448 × 448 pixels) were captured. Then, they were labeled with their corresponding binary
version. Some examples are shown in Figure 8.

Figure 8. Examples of the prepared dataset used for pixel-wise damage segmentation.
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3. Experiments and Results
3.1. ConvNets Training, Validation, and Testing

All the models were trained using image data and their corresponding labels, but
before the training phase, generated datasets were divided into training and validation
groups at an 80/20 ratio, to validate and assess the CNNs during training. The learning
rate was set to 0.001; the mini-batch size was set to 128 and 1 images for image classification
and segmentation, respectively, with the verification frequency set to 20 iterations. The
training was carried out using an Intel® Core™ i9-9880H CPU running at 2.30 GHz.

3.1.1. Bridge Component Detection

Figure 9 shows the changes in training accuracy and training loss for both studied
models, with SegNet having a better performance compared to U-Net. Both SegNet and
U-Net use encoder–decoder architecture, but some differences meant SegNet performed
better in terms of bridge component detection. In the decoding part (upsampling layers) of
SegNet, the “max pooling indices” computed in the encoding part (downsampling layers)
were recalled [39]. This made the training process easier since the network did not need to
relearn the upsampling weights and explains why SegNet is more memory efficient than
U-Net. In addition, all fully connected layers were replaced in SegNet by Softmax [39].
Thus, the number of trainable parameters reduced significantly (from 134 M to 17.4 M)
making it computationally faster and more memory efficient. This scenario is beneficial for
semantic segmentation when the object being analyzed is considered to be the main object
in the images. Otherwise, for small-scale objects such as joints or cracks, U-Net performs
better; its tests are described in Section 3.1.3 Pixel-wise damage detection.

Figure 9. (a) Accuracy and (b) loss training curves for both studied CNNs.

In machine learning, different metrics are usually used to compare semantic segmen-
tation accuracy with ground truth. In terms of accuracy, global accuracy is the ratio of
correctly classified pixels, regardless of class, to total number of pixels in all test datasets.
Mean accuracy is the metric that represents the average percentage of pixels that are classi-
fied correctly for all classes. By comparing these metrics in SegNet and U-Net, as shown in
Table 2, it is clear that SegNet outperforms U-Net.

Table 2. Accuracy metrics for both trained models.

Architecture Global Accuracy Mean Accuracy Mean IoU Weighted IoU Mean BF Score

SegNet 0.97649 0.97299 0.94965 0.95411 0.87261
U-Net 0.79775 0.84144 0.66091 0.66985 0.4248

Mean intersection over union (IoU) shows the average overlap between predicted
segmentation and ground truth. The Weighted IoU represents weighted accuracy by
number of pixels in each class to reduce the effect of errors in small-scale objects, as is seen
in joint segmentation. The Mean BF Score represents the correlation and similarity of the
predicted boundary with that of ground truth, on average. Figure 10 shows the masked
raw images produced by both ConvNets. The Mean IoU in SegNet is 0.95, while that of
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U-Net is 0.66, which is why there is less overlapped segmentation in the detected bridge
component and background in the images from SegNet compared to U-Net.

Figure 10. Detected bridge component by the studied CNNs.

3.1.2. Areas of Potential Damage Detection

To detect and localize damage, two ConvNets (Inception v3 [35], and GoogleNet [38])
were used to classify images, damaged or undamaged. As shown in Figure 11, the ex-
perimental results show that Inception v3 performed better compared with GoogleNet in
terms of accuracy and precision, based on generated confusion matrix for 1668 images as
test dataset.

Figure 11. Cont.
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Figure 11. (a,c,e) Accuracy and (b,d,f) loss curves for training and validation process of the studied
CNNs, together with their corresponding confusion matrix of test dataset.

This method draws a bounding box around the potentially damaged regions. It slides
a 227 × 227-pixel window across the whole image to detect damaged regions. There is
a trade-off for selecting a suitable size for this window. A smaller size will increase the
precision of localization. However, if the region is more finely divided, the information
contained therein may not be sufficiently precise enough to judge whether damage exists
or not.

To test the performance of the trained ConvNets utilized for removing background
and detecting potential damage, a new image (6240 × 4160 pixels) was chosen, as shown
in Figure 12. One interesting thing about the image chosen for verification was the graffiti
drawn on the target wall, see Figure 12. It made a complex pattern that posed a real
challenge to the trained network when detecting areas of potential damage. Figure 12
shows areas of the image that were removed and areas of potential damage, which are
enclosed by green bounding boxes, while blue highlighted strips are joint gaps identified
by an expert human inspector. In addition, the blue boxes are damaged areas detected by
CNN which were not detected by human inspector, and orange boxes are the false detected
damaged areas.

Figure 12. Damage detected by studied CNNs (green bounding boxes) compared to on-site inspection
(highlighted blue strips), together with damaged areas detected by CNN which were not detected by
human inspector (blue bounding boxes) and false detected damaged areas (orange bounding boxes).
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3.1.3. Pixel-Wise Damage Detection

Two ConvNets (U-Net [38], and SegNet [39]) were used to detect joint openings on
the surface of the structure. As shown in Figure 13, the experimental results show that
U-Net performed better than SegNet in terms of joint gap segmentation.

Figure 13. (a) Accuracy and (b) loss training curves for both studied CNNs.

Figure 13 shows the changes in training accuracy and training loss for both SegNet
and U-Net models. U-Net is the better model for small-scale object segmentation compared
to SegNet, which performed bridge component segmentation better, which was the main
object in the images. Table 3 shows the metric used to evaluate defect segmentation by
both studied models. Figure 14 shows the pixel-wise joint opening segmentation results
from U-Net, in both correct and false detected potentially damaged areas.

Figure 14. The performance of the trained semantic segmentation model in both correct and false detected potentially
damaged areas, based on U-Net architecture; red pixels are detected segments of the joint opening.

Table 3. Accuracy metrics of both trained models.

Architecture Global Accuracy Mean Accuracy Mean IoU Weighted IoU Mean BF Score

SegNet 0.9996 0.50001 0.4998 0.9992 0.99383
U-Net 0.93785 0.79507 0.47102 0.93746 0.50397
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3.2. Analyzing the Effect of Brightness and Blurring on Computer Vision Detection and Point
Cloud Generation

Collecting a sufficient number of high-quality images of the bridge is essential for
successful damage identification and measurement. An image histogram is a chart that
shows the distribution of intensities in an image for each of its red, green and blue (RGB)
components. This information can aid the choice of an appropriate image status. A sensi-
tivity analysis was used to test the accuracy of bridge component and defect recognition by
changing the visibility of the image with two adjusted image properties, brightness and
blurriness. Figure 15 shows the brightness of the captured images and their corresponding
image histogram.

Figure 15. How the image histogram changes with changing brightness of the images.

Figure 16 shows the effect of brightness on the accuracy of bridge component and joint
recognition models trained by the datasets generated in normal light conditions, where
brightness is considered to be 0%. However, the benefit of using deep learning techniques
compared to image processing for optical component/damage detection is that there is no
need to optimize for brightness, unless the dataset has been generated with different light
conditions [46]. Such optimization could also be achieved by data augmentation. During
training, image normalization and augmentation were carried out enabling the network
to extract features with different intensity values. Thus, it is important to capture images
which are as unblurred as possible.



Remote Sens. 2021, 13, 2665 13 of 22

Figure 16. The effect of brightness on the accuracy of bridge component detection (a) and damage segmentation (b).

To analyze the effect of camera movement on object detection and point cloud gen-
eration, the blurring operator, which is also known as the point spread function (PSF),
was used to simulate blurriness. It represents the degree of convolution required to blur a
point of light and returns a filter that approximates the linear motion of a camera when
convolved with the image (refer to Tiwari et al. [47] for further details).

The electronic shutter speed of the camera installed on the 3DR Site Scan drone can be
set up in the range 8–1/8000 s (texposure in Equation (1)). Therefore, it is necessary to set the
speed of the UAV, V(u, v)

[ m
sec
]
, based on the shutter speed and the GSD, to minimize the

length of linear motion in pixels (L) caused by camera movement, based on Equation (1):

1000 × V(u, v)× texposure

GSD(x, y)
= L (pixels), (1)

The image quality issues associated with blurring affect the semantic segmentation
utilized for pixel-wise bridge component and damage segmentation, due to mixing of each
pixel’s RGB values caused by the fast movement of the drone. Figure 17 shows the effect of
camera movement on bridge component and damage detection.

Figure 17. Cont.
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Figure 17. The effect of the UAV’s speed (logarithmic axis) on image acquisition and the accuracy of computer vision-based
bridge component (a) and joint (b) segmentation.

Figure 17 shows that the camera movements, which result in motion blurring of more
than three pixels, reduced the accuracy of semantic segmentation in both bridge component
and defect recognition. Thus, using Equation (1), the maximum speed of the drone, in both
u and v directions, during data acquisition can be evaluated with Equation (2):

V(u, v)
[mm

sec

]
=

3 × GSD(x, y)
1000 × texposure

, (2)

In addition to the computer vision effects, point cloud generation is also affected
by changes in the brightness and blurring. The basic steps of photogrammetry involve
(1) detecting features within each image, (2) matching these features in multiple images,
and (3) reconstructing their relative 3D position in the observed scene. Local features and
their descriptors are the building blocks of the SfM algorithm. There are many algorithms,
such as FAST [48] or Harris [49] corner detectors, and the SURF [50] or KAZE [51] blob
detectors, which can be applied depending on the requirements of the feature detection
used. In the case of SfM by Agisoft PhotoScan Pro (LLC, 2017), the SURF algorithm is used
to detect features (tie points) that are used for matching and stitching images together, see
Figure 18. Table 4 shows the change in numbers of detected features (tie points) versus
changes in brightness, and the blurriness of the images. Error (pix) is the root mean square
projection error calculated over all valid tie points detected in the middle image. In order
to compare the performance of feature detection and matching, an index is defined, shown
in the last column of Table 4. This index is equal to the mean percentage of detected tie
points multiplied by the mean percentage of matched tie points, in both the side images,
divided by the error in the middle image.

Masking extraneous parts of the image can boost/improve the SfM’s operation as
this means that more extracted features belong to the structure being examined and not
the background. Therefore, matching more features on the structure results in more
accurate stitching across the surface of the structure. Figure 19 shows all the matched tie
points across the 2D masked and unmasked images. Table 5 shows the status of detected
and matched features (tie points) in both masked and unmasked images. Based on the
calculated indexes, masked images perform better at feature detection and matching using
the structure-from-motion method.



Remote Sens. 2021, 13, 2665 15 of 22

Figure 18. Matching the detected feature through structure from motion.

Table 4. Effect of changing the brightness and the blurriness of the images on detected and matched features (tie points).

Images 1, 2 Images 2, 3

Brightness
Detected

Tie
Points

Matches
Tie

Points

Detected
Tie

Points %

Matched
Tie

Points %

Error
(Pix) 1

Matched
Tie

Points %

Detected
Tie

Points %

Matches
Tie

Points

Detected
Tie

Points
Index

+90% 1801 1772 44.4% 43.7% 1.612 40.7% 41.4% 1642 1670 0.11
+80% 3044 2829 75.1% 69.8% 2.131 64.7% 69.1% 2606 2784 0.23
+60% 3734 3678 92.2% 90.8% 3.267 84.7% 85.1% 3414 3427 0.24
+40% 4011 3838 99.0% 94.7% 4.569 87.0% 92.8% 3505 3740 0.19
+20% 4027 3860 99.4% 95.3% 0.637 94.1% 98.1% 3791 3952 1.47

Normal 4050 3634 100% 89.7% 0.550 91.7% 100% 3695 4027 1.65
−20% 4028 3821 99.4% 94.3% 1.180 90.1% 97.2% 3630 3915 0.77
−40% 4008 3958 98.9% 97.7% 2.238 94.1% 94.3% 3790 3800 0.41
−60% 3802 3678 93.8% 90.8% 1.928 81.8% 85.0% 3295 3424 0.40
−80% 3048 2811 75.2% 69.4% 1.746 65.5% 70.7% 2638 2847 0.28
−90% 1842 1706 45.4% 42.1% 0.845 38.6% 41.4% 1558 1669 0.21

Speed
mm/s

0 4050 3634 100% 89.7% 0.550 91.7% 100% 3695 4027 1.65
52 4049 3882 99.9% 95.8% 0.653 99.2% 98.9% 3997 3983 1.48

208 2651 2476 65.4% 61.1% 0.752 53.9% 57.6% 2174 2320 0.47
364 1445 1328 35.6% 32.7% 0.797 27.6% 30.5% 1113 1229 0.13
520 976 874 24.1% 21.5% 0.932 18.4% 20.4% 734 823 0.05

1 Each pixel ~2–4 mm in relation to the position of the tie points.
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Figure 19. Detected features on the images defined by the software and matched features (Blue
points) in both unmasked (a) and masked (b) images.

Table 5. Effect of masking background on detecting and matching features (tie points).

Images 1, 2 Images 2, 3

Detected
Tie

Points

Matches
Tie

Points

Detected
Tie

Points %

Matched
Tie

Points %

Error
(Pix)

Matched
Tie

Points %

Detected
Tie

Points %

Matches
Tie

Points

Detected
Tie

Points
Index

Unmasked 4050 3634 100% 89.7% 0.550 91.7% 100% 3695 4027 1.65
Masked 4072 3517 101% 86.3% 0.426 73.6% 101% 2982 4047 1.90

Utilization of semantic segmentation showed a potentially important part of point
cloud generation as it improves computation time and accuracy. There are also potential
advancements in autonomous navigation of UAV that will improve image collection when
detecting bridge components, although these are not discussed further here.

3.3. Intelligent Hierarchical DSfM

The generated point cloud is not intended to represent high-resolution information for
the whole bridge but is instead designed to capture the overall geometry of the structure.
High-resolution point clouds are then generated for each region of potential damage using
close-range photogrammetry of the autonomously detected areas. The optimum work
distance to monitor areas and provide corresponding joint widths depends on the required
resolution of monitoring (see Figure 5).

3.4. Evaluation Framework

Three versions of 3D point clouds were successfully generated from the second scan
data. Two models were generated from the CRP scan data using both regular and proposed
methods, and one model was generated using laser scanning data for verification (see
Figure 20). The differences between point clouds generated by the regular and proposed
workflows are the local density and accuracy of the point clouds generated for the damage
regions. The TLS dataset is considered as the reference to discuss the degree of differences
in the generated point clouds.

Generally, generated point clouds include missing data or noise. This is caused by
inaccurate geometric positioning (Sargent et al. 2007 [52]), surface deviation (Koutsoudis
et al. 2014 [53]), and outlier-based noise (Cheng and Lau [54]). Each type of noise or defect
listed has been described in detail by Chen et al. [45].

Outlier noise usually appears around the boundary of the structure due to shadows,
light reflection or the background, and tends to confuse the triangulation procedure in SfM
methods. Those outlier points will affect subsequent steps including mesh generation and
surface reconstruction. For this reason, part of the point clouds generated by both SfM
and the proposed method were aligned to the TLS data and then the offset distance was
assessed, see Table 6.
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Figure 20. 3D point clouds generated by CRP (a) and laser scanning (b) which is considered as a reference model, together
with detected regions of damage in both.

Table 6. Deviation in point clouds generated by both regular SfM and the proposed method, corresponding to the point
cloud generated from laser scanning data.

Method Area of Potential Damage Close-Up View Distribution of the Point Cloud Deviation from
Reference Model
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It is difficult to notice differences in the quality of the two generated models with
the naked eye, so other comparison methods have to be considered. Table 7 shows a
comparison of point cloud density and deviation for the different scanning methods. It
has been produced using the open-source software program CloudCompare Version 2.6.1
(developed by Girardeau-Montaut et al. [55], this is a 3D point cloud editing and processing
software) and commercial software Agisoft PhotoScan Pro (LLC, 2017).

Table 7. Resolution level of CRP generated using both methods compared to TLS data.

Reconstruction Method Intended Area (m2) Number of Points Local Point Density
(points/m2)

Standard Deviation (mm)

TLS
1.42

34,506 24,300 Reference
CRP, 3 m (Hierarchical

DSfM) 46,611 32,824 2.4

CRP, 3–10 m (regular) 15,386 20,018 6.2

A higher point cloud density and a lower standard deviation corresponds to a greater
number of details with higher resolution. As shown in Table 7, the proposed method
with close-range images (3 m) produces a higher density and lower deviation compared
to regular SfM using 3–10 m as the work distance, showing the importance of having
high-quality data for potentially damaged areas.

3.5. Damage Quantification

Compared with image-based 2D inspection, reconstructed 3D point clouds provide
depth information for detected damage regardless of perspective and distortion effects,
which is important for structural health evaluation. Thus, the global coordinates of the
detected joints were determined, and the relative positions of the detected joints were
marked on the 3D model of the bridge. Then, the damaged area extracted from the
generated point cloud and its dimensions were compared with that generated from laser
scanner data. Figures 21 and 22 show the measurements from the point clouds generated
from laser scanning data and the proposed method, respectively.

Figure 21. Damage measurement from TLS point cloud.
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Figure 22. Damage measurement of detected damage by intelligent hierarchical DSfM.

All the measurements are summarized in Table 8. The proposed method has shown
an acceptable performance, since it can detect damage autonomously with a maximum
deviation of about 3 mm. At this point in its development, continuous feedback with
corrections from expert inspectors to supplement the training dataset, and smoothing
filters on the 3D point cloud data to increase the precision of the generated point cloud, are
both needed to improve the results.

Table 8. Measurement carried out on both point clouds generated by TLS and the proposed method.

AB (cm) BC (cm) B (Degrees) 1 (cm) 2 (cm) 3 (cm)

TLS 66.9 32.4 93.33 2.13 2.04 3.21
Proposed method 66.91 32.01 93.53 2.32 2.16 3.09

Deviation 0.01 −0.29 0.2 0.2 0.12 −0.12
Error % 0 −1.2 0.2 8.9 5.8 −3.7

4. Discussion

The proposed method uses automatic per-pixel segmentation of joint gap measure-
ments, it could also be used to quantify other types of damage such as concrete section loss,
efflorescence, spalling, or delamination using the geometry information from the generated
point cloud and the visual information from the 2D images. This might be achieved by
developing a hierarchical DSfM method coupled with computer vision techniques to map
this information onto a 3D model of the structure for easy visualization, but this is still in
an early stage of development.

Using the proposed hierarchical DSfM method with computer vision for damage
detection, localization and quantification allows the inspection of areas that might prove
impossible for a human to reach, as well as removing much of the uncertainty associated
with an inspector’s personal judgment. This framework can provide important structural
condition information that is essential for accurate structural health assessment.

In this regard, the proposed workflow used for the Pahtajokk Bridge case study also
included damage quantification. The 2D imagery data can be quickly used to establish
a basic understanding of the bridge condition, or even used for autonomous damage
detection by application of computer vision techniques. Computer vision was used with
the images taken from the first scan as a training dataset. However, it makes the workflow
more efficient if the training dataset is updated when new data becomes available from
subsequent scans, thereby gradually replacing the developed ConvNets. However, some
issues may affect data processing and the decisions implemented about the bridge’s condi-
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tion. These issues include GSD, brightness and blurriness of the images. Therefore, the
effects of these parameters on feature detection and matching have been studied from both
computer vision and SfM perspectives.

5. Conclusions

Based on the knowledge obtained from our experiences, from both computer vision
and point cloud generation work, we conclude:

1. Comparisons of semantic segmentation for both pixel-wise bridge components and
damage detection show that U-Net performs better for joint gap segmentation (small
objects), while SegNet is more efficient with large-scale objects, and so is better at
bridge component detection;

2. Image normalization and augmentation expand the diversity of the generated dataset
by involving random rescaling, horizontal flips, changes to brightness, contrast, and
color, as well as random cropping. Thus, the network learnt to extract features in
different conditions, although it is important to capture images with the least blurring.
The maximum allowed camera movement to achieve the best performance in pixel-
wise bridge component and joint gap segmentation is suggested by Equation (2);

3. Application of semantic segmentation in the SfM workflow, to mask background and
other unnecessary parts of raw UAV images, showed potential improvement in point
cloud generation in both computation time and accuracy;

4. As a part of verification and error estimation, the point cloud generated using the
proposed method was compared to that generated using regular SfM for a region
of damage. It was found that the proposed method produced higher point cloud
density and lower deviation compared with results from regular SfM. This shows the
importance of image distance for accurate detection of damaged areas.

The proposed intelligent hierarchical DSfM workflow provides a simple proof-of-
concept visualization and processing tool for automated damage segmentation and analysis.
However, some outlier noise may reduce the performance of this method when used for
damage quantification. Therefore, additional development is needed in the future to
improve the performance of this method. These include eliminating the shadow and
light reflections on the structural surface by using End-to-End ConvNets and applying a
Savitzky–Golay [56] smoothing filter to the 3D point cloud data in order to increase the
precision of the generated point cloud without distorting the final 3D model.
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