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EXECUTIVE SUMMARY 

ES.1 Introduction 

Regular maintenance of transportation infrastructure such as bridges is crucial in extending their 

service life while reducing long-term repair costs.  Transportation agencies such as state 

Departments of Transportations (DOTs) and the Federal Highway Administration (FHWA) seek 

emerging technologies and innovative programs to enhance asset management and maintenance.  

Furthermore, timely inspections of bridges by trained personnel are mandated per national and 

state specifications. 

The Alaska Department of Transportation and Public Facilities (DOT&PF) is responsible for 

condition assessment of approximately 1,000 bridges in the state.  Of which, approximately 44% 

are in good condition, 49% are in fair condition, and 7% are rated poor based on the 2023 

National Bridge Inventory (NBI) data (Infobridge, 2024).  

Alaska DOT&PF engineers inspect approximately 500 bridges each year. The Alaska Bridges 

and Structures Manual (2017) specifies different types of inspections such as inventory, routine, 

in-depth, and damage.  In general, visual inspection is the common practice for the inventory and 

routine inspections and is combined with other tools such as non-destructive evaluation (NDE) in 

other inspections for enhanced assessment.  The inspector must complete both an NBI inspection 

(a 10-level condition rating for bridges and bridge components such as decks, superstructures, 

substructures following the FHWA Specifications for the National Bridge Inventory, 2022) and 

an element level inspection (a four-level element-by-element condition state assessment based on 

the AASHTO MBEI, 2019) per bridge.  

Nationwide, most steps of bridge inspections such as data collection, defect quantification, and 

damage reporting are done manually.  Furthermore, each of these steps is time consuming, error 

prone, and hard to repeat in the following inspections due to the manual nature of these activities.  

For example, the “deck delamination mapping” requires manual detection and measurement of 
delaminated concrete, patched areas, exposed reinforcing steel bars, and spalling.  Such 

measurements often require traffic control for the safety of inspection crew, and the findings 

might not be consistent if done by different inspectors.   

Computer vision, a field of artificial intelligence (AI) that can analyze scenes at human level 

performance, can speed up defect identification and quantification only using images of bridge 

elements.  Furthermore, this and other AI tools can be utilized to expedite and unify reporting.  

Even though the academic and industry level developments are interesting and on the right track 

for field deployment, they usually lack practicality and are overwhelming for everyday users.  

For example, the academic-level computer programs are not as user-friendly as commercial 

software, and the industry-level software packages are so enlarged targeting multiple assets 

preventing them from being practical.  In summary, current tools do not fully address the needs 

of DOTs for routine bridge inspections.  

ES.2 Problem Statement and Research Objective 

As discussed above, despite novel inspection procedures and emerging technologies, bridge 
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inspections in Alaska and nationwide remain predominantly manual. For example, defect 

detection and quantification such as deck delamination mapping are done manually, which 

require significant time and labor. Furthermore, existing NDE methods are not common in 

routine inspection since they are time consuming, costly, and require expert input for data 

processing.  AI-based inspection tools are emerging, but the current tools are either too complex 

for routine use or not tailored to DOT needs. The main objective of the present study was to 

develop practical AI tools that help inspectors with defect detections and quantifications, and to 

facilitate the inspection reporting following the DOT&PF standard requirements. 

ES.3 Scope of Study and Document Outline 

To achieve the project goals, a few bridge elements (concrete bridge decks and steel girders) 

were targeted for further investigation, inspection databases including photographs of the 

selected elements with and without damage were compiled, and computer vision tools were 

developed for the selected elements to detect the element defects, quantify the defects, and 

produce a report following the DOT standard practices. 

The present report includes a summary of the activities that were focused on the quantification 

and mapping of concrete bridge deck delamination and steel girder paint loss using Light 

Detection and Ranging (lidar) sensors of smartphones/tablets, drones equipped with Red-Green-

Blue (RGB) and/or thermal cameras, and AI methods. First, a comprehensive literature review 

of the current scientific trend and AI tools is presented on delamination detection, bridge map 

generation, and damage state estimation (Ch. 2). Then, a new definition of condition states for 

delamination of concrete bridge decks and steel girder damages suitable for computer 

programming is proposed in Ch. 3. Subsequently, more than 50 bridges were inspected, and a 

comprehensive dataset of inspector annotated delamination and steel girder damages was 

compiled (Ch. 4). The development of an AI-based inspection software (Br.CVIT) that can 

detect, quantify, and map the inspector’s annotations, and produce a delamination map of whole 
bridge deck including their condition states is discussed in Chapters 5-8. Chapter 7 provides a 

human-in-loop method of damage quantification for steel girders.  The best practices to collect 

lidar, RGB and thermal images of bridge decks are discussed in Ch. 9. Finally, the summary and 

conclusions of the study are discussed in Ch. 10. 

The present executive summary provides an overview of these activities.  Detailed discussion 

can be found in the following chapters of the report.  

ES.4 Literature Review 

Routine bridge inspection is mandated by the state and federal governments. A brief review of 

recent trends on bridge inspections using NDE techniques and computer-vision assisted methods 

is discussed herein. 

ES.4.1 Bridge Deck Evaluation Techniques 

In current practice, bridges are inspected mostly manually, and their defects are also quantified 

manually.  Visible damage is easy to detect; however, internal defects such as concrete 

delamination and steel bar corrosion are hard to find.  Delamination is an internal damage in 

concrete caused by insufficient pouring, fatigue, freeze-and-thaw cycles, and/or environmental 
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conditions. Two simple and cost-effective NDE techniques that are widely used in routine 

bridge inspections are chain-dragging and sound-hammering methods to differentiate the 

delaminated and intact regions of concrete. Other NDE methods such as impact echo, ground 

penetrating radar (GPR), electrical resistivity, and infrared thermography exist but they are not 

common in routine inspections.  The following sections provide a brief review of past works in 

these NDE methods. 

The impact echo method (e.g., Gucunski & Nazarian, 2010) detects air pockets, cavities, or 

delamination in concrete bridge decks by generating acoustic waves in a frequency range of 5-40 

kHz. GPR (e.g., Dinh et al., 2016) uses electromagnetic waves to detect anomalies in concrete, 

such as delamination and corrosion of reinforcing steel bars. The ultrasonic surface wave 

method (e.g., Gucunski et al., 2012) detects concrete degradation utilizing two receivers, while 

the half-cell potential methodology identifies corrosion activity in steel reinforcement. 

Infrared thermography is another NDE method (e.g., Washer et al., 2010) employed to detect 

delamination in concrete structures by analyzing thermal radiation emitted by objects at 

temperatures above the absolute zero. Thermal cameras detect the heat emitted by the object and 

the reflective light from the object’s surroundings. Thermography sensors may be either cooled 

or uncooled, functioning in short to medium wavelengths or long wavelengths. Infrared 

thermography is relatively easy to implement when compared with other NDE methods, 

especially that drones equipped with both RGB and thermal cameras are currently commercially 

available with a cost of only a few thousand dollars, which is insignificant compared with other 

NDE methods and/or inspection equipment.  RGB data reveals visible damage, and thermal data 

can be used to detect subsurface anomalies such as old patching and delamination.  

RGB and thermal sensors can be attached to robots or drones to obtain bridge images. La et al. 

(2015) developed a robotic device which can collect RGB images of bridge decks. The robot 

can also collect GPR, electric resistivity, impact echo, laser, and GPR data.  There was no 

thermal sensor attached to this robot.  Charron et al. (2019) used an unmanned ground vehicle 

equipped with lidar, GPS, RGB and thermal sensors to scan underside (soffit) of bridge decks. 

They generated 3D point cloud and colorized the point cloud using RGB and thermal images.  

They were able to create the RGB and thermal maps of the bridge with reasonable accuracy. 

More than ten computational methods have been developed and adopted in the literature to detect 

delamination in thermal images such as thermal contrast, thermal gradient, adaptive threshold, 

level-set method, and AI. The thermal contrast method has been widely used in past studies 

(e.g., Washer et al., 2010; Khan & Bartoli, 2015; Tran et al., 2018; Mac et al., 2019; Vyas et al., 

2019; Robison et al., 2020; Kilic & Caner, 2021; Mac et al., 2021; Raja et al., 2021; Rocha et al., 

2021; Zheng et al., 2021; and Pedram et al., 2022) to identify delaminated regions in the thermal 

images of bridge decks. Cheng and Shen (2020) utilized the level-set methodology for 

delamination detection in concrete specimens, exhibiting greater accuracy than the k-means 

clustering method. Grayscale values of thermal images were used to detect delaminated regions. 

Ichi and Dorafshan (2022) utilized an adaptive thresholding technique to detect delamination in 

concrete bridges, which achieved an accuracy of 69% when a sensitivity analysis for each bridge 

was performed. They used commercial software to stitch thermal images and used grayscale 

values of the thermal image for the analysis.  
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A few studies have tried AI techniques to detect concrete delamination using thermal imaging. 

For example, Cheng et al. (2020) implemented an encoder-decoder neural network using 1,200 

thermal images collected from lab specimens (concrete slabs with artificial delamination) and 

reported an accuracy of 83.6% on the lab-based test dataset.  They further tested their trained 

model on actual bridge data using grayscale thermal imaging and achieved an accuracy of 51%.  

Pozzer et al. (2021) compared the performance of VGG16 (Simonyan & Zisserman, 2014) with 

MobileNetV2 (Sandler et al., 2018) for delamination detection using 517 thermal images with 

intensity value (grayscale instead of actual temperature) obtained from bridge sites and reported 

an intersection over union of 59.5% and 59.1% for VGG16 and MobileNetV2, respectively. Ta 

et al. (2025) utilized well-established deep learning models (e.g., YOLO, Faster RCNN, SSD) to 

detect delamination in laboratory specimens. They built 12 concrete specimens (each 56×44×7 

in.) with artificial delamination by placing nine polystyrene foams in the concrete slabs and 

obtained 12,000 thermal images after heating the specimens with halogen lamps. Even though 

they achieved an accuracy of 96%, the AI model was trained only with laboratory images, which 

may not work on real-world bridge field data. Furthermore, there is a lack of thermal image 

datasets from actual bridges, as pointed out in SDNET 2021 (Ichi & Dorafshan, 2022), which 

only includes thermal data of five bridges. 

Oh et al. (2012) compared the performance of infrared thermography and impact echo method 

and found high accuracy for infrared thermography-based inspection when results were 

compared with the chain-drag method and concrete core samples from bridge decks. They 

manually stitched the thermal images together by placing the images side by side. Hiasa et al. 

(2016) mounted thermal cameras on a moving car to capture thermal images.  They used three 

different cooled and uncooled thermal cameras mounted on the vehicle and captured the images 

from specimens placed alongside the road.  They also manually trimmed and combined the 

thermal images together to obtain a thermal map for the entire bridge deck.  Omar et al. (2018) 

generated thermal map of a bridge deck by manually cropping and then stitching successive 

thermal images.  They did not remove the lens distortions from the thermal images.  Thermal 

images were collected using vehicle mounted thermal cameras. To obtain the delamination map, 

they employed k-means clustering to segment thermal images. 

Overall, literature lacks automated data processing for most of the NDE methods including 

thermal data.  Furthermore, all existing NDE data processing methods heavily rely on the user 

input and expertise. 

ES.4.2 Computer Vision for Bridge Element Inspection 

With a widespread use of computer vision techniques, the bridge engineering community is 

exploring its applications in various tasks including inspections. The following sections provide 

a brief overview of past studies on the topic with a focus on bridge decks. 

Matsumoto (2014) used line sensor camera and infrared thermography to detect bridge deck 

defects and delamination.  Their proposed framework for bridge inspection and repair consists of 

three phases. In Phase 1, the deck is scanned using video imagery. Phase 2 involves prioritizing 

the areas of the deck that are distressed, determining their condition state with a scale of 1 to 4, 

and planning necessary repairs or rehabilitation. In Phase 3, selected spans of the bridge are 

scanned from underneath to further assess and address the identified issues. 

xvii 



 

 

 

 

 

   

  

  

   

 

    

    

  

 

 

 

 

  

 

 

 

 

  

    

    

  

  

 

 

   

 

  

 

  

  

    

   

   

Won and Sim (2020) detected transverse cracks on bridge decks using optical sensors.  They 

used a three-dimensional (3D) computer vision-based localization and mapping technique by 

utilizing stereovision setup.  The proposed framework utilizes multi-view image sequences with 

a Bag-of-Words representation, eliminating the need for traditional GPS or odometer data for 

localization. For crack detection, the system uses crack hierarchy and circular histograms 

instead of conventional methods that rely on line segments and intensities. Additionally, it 

creates a comprehensive transverse crack dataset based on bespoke ontologies and schemas, 

covering the entire bridge deck. These advancements aim to enable faster deployment and 

achieve higher accuracy in large-scale crack mapping and measurement. They collected a 

dataset of 2,638 image patches, consisting of 1,262 from cracked areas and 1,376 from 

uncracked (background) areas of bridges. Two classification approaches were applied to these 

patches including a conventional method and a crack pixel-based representation approach. A 

support vector machine (SVM) classifier with a radial basis function kernel was trained using the 

data, with parameters chosen empirically. 

Perry et al. (2020) used Structure-from-Motion (SfM) to generate 3D reconstructed model of 

bridges and to identify target elements.  Then they used image processing techniques such as the 

black hat transform with the Canny edge detection to detect bridge defects. The black hat 

transform is a morphological operation used in image processing to highlight dark features on a 

bright background. Specifically, it emphasizes the portions of an image that are smaller than the 

structuring element used in the transform and darker than their surroundings. The authors also 

proposed a method to track growth of defects through image comparison. 

Ali et al. (2021) used computer vision techniques with a faster region-based convolutional neural 

network (R-CNN) damage detection framework on data collected using drones for GPS denied 

locations to identify structural damage related to loosened bolts and steel corrosion. The process 

begins with identifying the structure to be inspected, followed by deploying an autonomous 

unmanned aerial vehicle (UAV) equipped with a proportional-integral-derivative (PID) 

controller for flight stability, an ultrasonic beacon system for precise positioning, and an action 

camera for capturing visual data. The data is transmitted in real-time using a real-time streaming 

protocol. A modified faster R-CNN machine learning model, consisting of a region proposal 

network (RPN), object proposals, and a Fast R-CNN, is employed for image analysis. The 

model identifies and highlights structural damage. The ground station processes and analyzes 

the collected data, completing the inspection process. This integration of robotics, computer 

vision, and machine learning enables efficient and safe autonomous inspection of structures. 

Tazarv et al. (2022) used computer vision techniques for inspection and condition assessment of 

reinforced concrete (RC) bridge columns after earthquakes to automatically determine their 

conditions.  They used deep learning based cascaded detection of deficiencies in their framework 

using Mask R-CNN.  The cascaded detection framework begins with Stage 1, which detects 

columns in images. If columns are not detected, the user is prompted to find them manually. 

Once columns are identified, the process moves to Stage 2 for detecting longitudinal bars, 

followed by Stage 3 for detecting transverse bars. If both bars are detected, the system reports 

damage state 4 or 5. Stage 4 involves spalling detection; if spalling is found, it results in damage 

state 3 or 4. If not, it continues to Stage 5 for crack detection, leading to damage state 1 or 2. 

Their results indicate high performance across all components. 
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Dunphy et al. (2022) developed a multiclass damage detection framework for concrete structures 

using a combination of generative adversarial networks (GANs) and CNNs. It begins with a 

multiclass image database of various concrete conditions, such as undamaged, cracked, 

construction joint, pitting, and spalling. The database was split into labeled and unlabeled 

datasets. GAN training was performed on unlabeled data, producing a trained generator and 

discriminator network. The trained discriminator was then used for transfer learning to initialize 

the weights and biases of CNN. This CNN was further trained using the labeled data. Finally, 

hyper-training was applied to the fully connected layer of CNN to optimize it for image 

classification tasks, leading to accurate identification of different types of concrete damage. 

Jiang et al. (2023) developed a framework using object detection models to identify steel bolts 

and nuts, as well as their conditions, including corrosion and tightness. The proposed method for 

automatic bolt inspection was a vision-based system leveraging image processing and deep 

learning algorithms with images captured by UAV. It consisted of three main components: bolt 

image acquisition, data preprocessing, and bolt damage identification. The image acquisition 

phase involved using a modified UAV to capture images of bolts from various angles, including 

the bridge’s sides, bottom, and cable clamps. Data preprocessing addresses two key issues: 

image motion blur due to the UAV’s high speed and variations in bolt pixel size caused by 

differing object distances. To tackle these, an image motion deblurring method using inverse 

filtering and optical flow was employed to correct motion blur, and an adaptive scale 

segmentation method with multi-scale template matching and enhanced super-resolution 

generative adversarial networks (ESRGANs) ensured uniform bolt image sizes of 240 × 240 

pixels. Finally, a two-stage bolt damage identification process was used to detect and classify 

bolt conditions. 

Jiang et al. (2023) proposed a three-stage framework for bridge condition assessment and 

damage localization using UAV collected data.  The authors used the YOLOv3 object detection 

network to detect several types of damage such as cracks, corrosion, and spalling.  During data 

collection, the authors also used visual simultaneous localization and mapping (VSLAM) 

techniques to localize each damage on bridges by retrieving camera pose with respect to 

reference world coordinates.  To achieve this, the authors used stereo-inertial SLAM that used 

VSLAM with Inertial Measurement Unit (IMU) sensor fusion to increase the robustness of the 

system. Integration of IMU with VSLAM made the process more robust because of a better 

estimation of the camera poses for each image. Their framework was tested on a long-span river 

bridge, offering a more rigorous evaluation environment than standard indoor tests due to factors 

like strong winds and a large detection area. 

Kao et al. (2023) proposed a framework to quantify cracks in bridges using UAV images and 

deep learning-based object detection models.  They used planar markers to retrieve scales of 

images then cracks.  To retrieve the crack boundaries, they used a local thresholding method to 

create a binarized image.  Following that, the authors employed a crack width measurement 

technique in reference to the planar marker. This model performed well in identifying cracks 

even in images with uneven lighting and complex backgrounds. The study also demonstrated 

that the overall crack measurement accuracy exceeded 0.22 mm. Two edge detection methods 

evaluated in the study showed similar performance; however, the Canny edge detector’s results 
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varied with different thresholds, leading to greater discrepancies between measured and actual 

crack widths. In contrast, the morphological edge detector, which does not rely on thresholds, 

provided crack edges more consistent with the true dimensions. 

Mirzazade et al. (2023) used a 3D reconstruction SfM approach to detect and segment bridge 

damages based on U-Net, a popular deep learning model for semantic segmentation.  SfM is a 

computer vision technique that reconstructs 3D structures from 2D image (only width and 

height) sequences taken from different viewpoints. It estimates camera positions and the 3D 

coordinates of scene points by analyzing the motion and structure captured in the overlapping 

images. They also collected Light Detection and Ranging (lidar) scans of structures to verify the 

integrity of the 3D reconstruction using SfM. 

Overall, the literature indicates that computer vision is a viable technique to detect and quantify 

many of the bridge defects using a variety of imaging methods such as RGB, thermal, and lidar.  

These capabilities can be further expanded when paired with drone-based data collection, which 

improves coverage, efficiency, and access to hard-to-reach components. 

ES.5 Proposed Condition States for Concrete Decks 

Delamination is a state of separation of layers within concrete.  This may lead to loss of 

structural integrity of bridge decks and increase their maintenance cost.  Detection and 

forecasting the growth of the delamination is inherently difficult because of the lack of visual 

perception.  ASSHTO MBEI (2019) defines four condition states for delamination and other 

defects of bridge decks as presented in Table ES.1. 

Table ES.1 – AASHTO Condition States for Concrete Decks (AASHTO MBEI, 2019) 

Defects 
CS 1 CS 2 CS 3 CS 4 

Good Fair Poor Severe 

Delamination 

/Spall /Patched 

Area (1080) 

None. 

Delaminated. Spall 1 in. 

or less deep or 6 in. or 

less in diameter. Patched 

area that is sound. 

Spall greater than 1 in. deep or 

greater than 6 in. diameter. 

Patched area that is unsound or 

showing distress. Does not 

warrant structural review. 

The condition 

warrants a 

structural review 

to determine the 

effect on 

strength or 

serviceability of 

the element or 

bridge; OR a 

structural review 

has been 

completed and 

the defects 

impact strength 

or serviceability 

of the element or 

bridge. 

Exposed Rebar 

(1090) 
None. 

Present without 

measurable section loss. 

Present with measurable 

section loss but does not 

warrant structural review. 

Efflorescence/ Rust 

Staining (1120) 
None. 

Surface white without 

build-up or leaching 

without rust staining. 

Heavy build-up with rust 

staining. 

Cracking (RC) 

(1130) 

Insignificant cracks 

or moderate width 

cracks that have 

been sealed. 

Unsealed moderate width 

cracks or unsealed 

moderate pattern (map) 

cracking. 

Wide cracks or heavy pattern 

(map) cracking. 

Abrasion/ Wear 

(PSC/RC) (1190) 

No abrasion or 

wearing. 

Abrasion or wearing has 

exposed coarse aggregate 

but the aggregate remains 

secure in the concrete. 

Coarse aggregate is loose or 

has popped out of the concrete 

matrix due to abrasion or wear. 

It is clear that the AASHTO definitions of condition states for deck defects are mostly 

qualitative.  Nevertheless, any defects that are expected to be found using computer tools need to 
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be quantitative but not qualitative.  To this end, Table ES.2 presents alternative definitions of 

condition states for concrete decks specifically for delamination, spalling, and patching.  The 

new definitions are measurable and programmable.  Furthermore, to minimize variations from 

AASHTO, the proposed definitions are kept at four levels.  Very small delaminated regions are 

usually hard to find in practice, thus a limit of 7 in2 (45 cm2) was proposed for CS-1, which is 

indeed insignificant compared with the area of the bridge deck.  The proposed area for CS-2 

follows that of the AASHTO manual at this level.  Based on the inspection of more than 50 

bridges with experienced inspectors, the research team noticed that a 12 in. (30 cm) by 12 in. (30 

cm) area was the smallest region inspectors annotated as delamination.  With a 30% reduction, 

the research team proposed a cap of 110 in2 (710 cm 2) in CS-3. Any area greater than that is 

marked as CS-4. It is understood that these limits are subjective; however, the user of the 

inspection software (the product of this study, Ch. 8) can adjust them as needed.  Compared with 

the AASHTO definitions, some parameters, such as the depth of defects, were removed in the 

new definitions since they are challenging to estimate using computer vision techniques. 

Table ES.2 – Proposed Condition States for Delamination and Cracking in Concrete Decks 

Defects 
CS 1 CS 2 CS 3 CS 4 

Good Fair Poor Severe 

Delamination, 

Spall, or Patched 

Area (1080) 

Defected area is less 

than or equal to 7 in2 

(45 cm2) 

Defected area is greater 

than 7 in2 (45 cm2) but 
2)less than 30 in2 (195 cm

Defected area is greater 

than 30 in2 (195 cm2) but 

less than 110 in2 (710 

cm2) 

Defected area is 

greater than 110 in2 

(710 cm2) 

Cracking (RC) 

(1130) 

Crack length is less 

than 10 in. (25.4 cm) 

Crack length is greater 

than 10 in. (25.4 cm) but 

less than 20 in. (50.8 cm) 

Crack length is greater 

than 20 in. (50.8 cm) but 

less than 40 in. (101.6 

cm) 

Crack length is 

greater than 40 in. 

(101.6 cm) 

ES.6 Proposed Condition States for Steel Girders 

Similar to the deck damages, the AASHTO definitions of condition states for steel girders are 

also qualitative. For example, Table ES.3 presents different damage types seen for steel 

elements and Table ES.4 presents the condition states for the steel protective coating. 

Alternative and measurable definitions are required, which can be used in computer 

programming.  

Table ES.5 presents the proposed damage classification for steel girders.  In this study, a defect 

with an area equal to or smaller than 0.3% of the total surface area of the girder was selected as 

CS-1. For CS-2, the area of defects has a range of 0.3 to 3% of the girder total surface area.  For 

CS-3, the area of defects has a range of 3 to 16% of the girder total surface area.  If the area of 

the defect is more than 16% of the girder total surface area, then it falls under the category of 

CS-4. 

These proposed condition states for steel girders were selected based on a report by Bowman et 

al. (2022).  Note that the crack in steel girders is very critical.  A small crack can lead to a 

catastrophic failure.  A fracture critical member inspection may be carried out to inspect the 

critical girders, and appropriate measures should be taken to ensure safety of steel bridges.  Ohio 

DOT (2014) recommends a CS of 2 for crack lengths up to 2 in., and Wisconsin DOT (2024) 

proposes a CS of 4 for crack lengths greater than 3 in.  
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Table ES.3 – AASHTO Condition States for Steel Elements (AASHTO MBEI, 2019) 

Defects 
CS 1 CS 2 CS 3 CS 4 

Good Fair Poor Severe 

Corrosion (1000) None. 

Freckled rust. 

Corrosion of the steel 

has initiated. 

Section loss is evident, or pack 

rust is present but does not 

warrant structural review. 

The condition 

warrants a 

structural review to 

determine the 

effect on strength 

or serviceability of 

the element or 

bridge; OR a 

structural review 

has been 

completed and the 

defects impact 

strength or 

serviceability of 

the element or 

bridge. 

Cracking (1010) None. 

Crack that has self-

arrested or has been 

arrested with 

effective arrest holes, 

doubling plates, or 

similar. 

Identified crack that is not 

arrested but does not warrant 

structural review. 

Connection 

(1020) 

Connection is in 

place and functioning 

as intended. 

Loose fasteners or 

pack rust without 

distortion is present 

but the connection is 

in place and 

functioning as 

intended. 

Missing bolts, rivets, or 

fasteners; broken welds; or pack 

rust with distortion but does not 

warrant a structural review. 

Distortion (1900) None. 

Distortion not 

requiring mitigation 

or mitigated 

distortion. 

Distortion that requires 

mitigation that has not been 

addressed but does not warrant 

structural review. 

Settlement (4000) None. 

Exists within 

tolerable limits or 

arrested with no 

observed structural 

distress. 

Exceeds tolerable limits but does 

not warrant structural review. 

Scour (6000) None. 

Exists within 

tolerable limits or 

has been arrested 

with effective 

countermeasures. 

Exceeds tolerable limits but is 

less than the critical limits 

determined by scour evaluation 

and does not warrant structural 

review. 

Damage (7000) Not applicable. 

The element has 

impact damage. The 

specific damage 

caused by the impact 

has been captured in 

CS 2 under the 

appropriate material 

defect entry. 

The element has impact damage. 

The specific damage caused by 

the impact has been captured in 

CS 3 under the appropriate 

material defect entry. 

The element has 

impact damage. 

The specific 

damage caused by 

the impact has 

been captured in 

CS 4 under the 

appropriate 

material defect 

entry. 
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Table ES.4 – AASHTO Condition States for Steel Protective Coating (AASHTO MBEI, 2019) 

Defects 
CS 1 CS 2 CS 3 CS 4 

Good Fair Poor Severe 

Chalking (Steel 

Protective Coatings) 

(3410) 

None. Surface dulling. Loss of pigment. Not applicable. 

Peeling/Bubbling/Cra 

cking (Steel 

Protective Coatings) 

(3420) 

None. Finish coats only. Finish and primer coats. 
Exposure of bare 

metal. 

Oxide Film 

Degradation 

Color/Texture 

Adherence (Steel 

Protective Coatings) 

(3430) 

Yellow-orange or light 

brown for early 

development. 

Chocolate-brown to 

purple-brown for fully 

developed. Tightly 

adhered, capable of 

withstanding 

hammering or 

vigorous wire 

brushing. 

Granular texture. 
Small flakes, less than 

1/2-in. diameter. 

Dark black color. 

Large flakes, 1/2-in. 

diameter or greater, 

or laminar sheets or 

nodules 

Effectiveness (Steel 

Protective Coatings) 

(3440) 

Fully effective. 
Substantially 

effective. 
Limited effectiveness. 

Failed; no protection 

of the underlying 

metal. 

Damage (7000) Not applicable. 

The element has 

impact damage. The 

specific damage 

caused by the 

impact has been 

captured in 

Condition State 2 

under the 

appropriate material 

defect entry. 

The element has impact 

damage. The specific 

damage caused by the 

impact has been captured 

in Condition State 3 under 

the appropriate material 

defect entry. 

The element has 

impact damage. The 

specific damage 

caused by the impact 

has been captured in 

Condition State 4 

under the 

appropriate material 

defect entry. 

Table ES.5 – Proposed Condition States for Steel Girders 

Defects 
CS 1 CS 2 CS 3 CS 4 

Good Fair Poor Severe 

Corrosion/Paint 

loss (1000) 

Corrosion/paint loss 

less than 0.3% of 

total surface area of 

the girder 

Corrosion/paint loss 

greater than 0.3% and less 

than 3% 

Corrosion/paint loss 

greater than 3% and less 

than 16% 

Corrosion/paint loss 

greater than 16% 

Cracking (1010) 
Crack length less 

than 0.25 in 

Crack length greater than 

0.25 in. but less than 2 in. 

Crack length greater than 

2 in. but less than 3 in. 

Crack length greater 

than 3 in. 

Chalking (Steel 

Protective 

Coatings) (3410) 

Chalking less than 

0.3% of total surface 

area of the girder 

Chalking loss greater than 

0.3% and less than 3% 

Chalking greater than 

3% and less than 16% 

Chalking greater than 

16% 

Peeling/Bubbling 

(Steel Protective 

Coatings) (3420) 

Peeling/Bubbling less 

than 0.3% of total 

surface area of the 

girder 

Peeling/Bubbling greater 

than 0.3% and less than 

3% 

Peeling/Bubbling greater 

than 3% and less than 

16% 

Peeling/Bubbling 

greater than 16% 
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ES.7 Bridge Deck and Steel Girder Deficiency Datasets 

Large numbers of images are usually needed for successful training of neural networks. Table 

ES.6 presents a summary of past studies that developed image datasets specific to bridge element 

damage assessment.  For example, the CrackForest dataset by Shi et al (2016) includes annotated 

images of cracks on various concrete structures, including bridges.  A derivative of the Common 

Objects in Context (COCO) dataset by Bianchi et al. (2020) was tailored for bridge inspection 

tasks, which includes annotated images of bridges highlighting various structural elements and 

potential defects. Dorafshan et al. (2021) provided a dataset containing images of concrete 

surfaces, including bridges, annotated for different types of defects such as cracks and spalling.  

Table ES.6 – Summary of Past Studies on Bridge Related Image Datasets 

Reference Dataset Categories Data Type Size Application 

Shi et al. (2016) CrackForest Cracks RGB Image 10,000 
Detect and analyze cracks 

on the road surface 

Zhang et al. (2016) CCIC Cracks RGB Image 40,000 
Detect cracks on concrete 

surfaces 

Rubio et al. (2019) --
Exposed Rebar, 

Delamination 
RGB Images 734 

Detect and quantify 

exposed rebars and 

delamination 

Zou et al. (2019) DeepCrack Cracks RGB Image 35,100 
Detect fine cracks on 

various road surfaces 

Bianchi et al. 

(2020) 

COCO Bridge 

Damage 

Bearing, Cover-plates, 

Gusset-plates, 

Stiffeners 

RGB Image 774 

Detect bearing, cover-plate, 

gusset-plate, stiffeners and 

evaluate their conditions 

Dorafsan et al. 

(2021) 
SDNET2021 Delamination 

Infrared Thermography, 

Impact Echo, Ground 

Penetrating Radar 

1,936 
Detect delamination and 

reinforcement corrosion 

Arya et al. (2022) RDD2022 Cracks and Potholes RGB Image 47,420 

Detect and classify road 

damage types, such as 

cracks, potholes, and 

surface wear 

Tazarv et al. (2022) RC Column Damage 
Cracks, Spalling, 

Exposed Rebars 
RGB Image 3,036 

Detect post-earthquake 

damages of RC bridge 

columns and determine 

their damage states 

To collect new data for bridge decks, the research team accompanied by inspectors from the 

South Dakota Department of Transportation (SDDOT) inspected more than 50 bridges in South 

Dakota in the summers of 2023 and 2024.  The inspectors used the chain-drag method, a 

nondestructive technique, to evaluate bridge decks for delamination and annotated them with 

paints.  The research team then collected RGB images using digital single-lens reflex (DSLR) 

cameras, iPhone 14 Pro, and DJI drones (Matrice 200, and Mavic 3T) before and after the 

annotations.  Furthermore, PolyCam, a mobile application utilizing iPhone’s lidar camera, was 

used to scan bride decks to record 3D meshes (point cloud data) of each deck.  

RGB images taken by iPhone 14 Pro had a resolution of 8064 by 6048 pixels.  Further, the RGB 

images obtain by the DJI Mavic 3T and the DSLR camera had a resolution of 4000 by 3000 and 

4608 by 3456 pixels, respectively.  The images taken by the drones were taken approximately at 

a height of 10 ft (3 meters) from the deck surface.  For the images taken by the other cameras, 

the height varied between 3 to 6 ft (1 to 2 meters). Figure ES.1 shows the data collection for 

iPhone-based lidar, and drone based RGB and thermal data.  Figure ES.2 shows a few sample 
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images from each of these devices.  More than 13,000 RGB and 2,000 thermal images were 

gathered from 50 bridges.  Furthermore, the deck of 18 bridges with delamination were lidar 

scanned and data was processed per bridge.  Additional inspection data was also provided by 

Alaska DOT&PF and was used in the AI model training. 

Figure ES.1 – Data Collection using iPhone’s Lidar and Drone’s Thermal and RGB Cameras 
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(a) DSLR Camera 

(b) iPhone 14 Pro 

(c) DJI Mavic 3T (RGB) 

(d) DJI Mavic 3T (Thermal) 

Figure ES.2 – Sample RGB and Thermal Images with Inspector Annotations 
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For steel girders, images were collected using handheld cameras and drones (e.g., Fig. ES.3). 

More than 6,700 images of steel girders, including corrosion and paint loss, were collected.  

Figure ES.3 – Sample RGB Images for Steel Girders 

ES.8 Three Pipelines for Bridge Deck Condition Assessments 

In the present project, the research team developed a computer vision-based bridge defect 

detection and condition state estimation software that was mainly focused on delamination in 

concrete bridge decks (Chapters 5-8). Furthermore, the software estimates the paint loss in steel 

girders using human-in-the-loop method, which is discussed later in Sec. ES.9 (also Ch. 7). 

Figure ES.4 shows a high-level architecture of the software for bridge decks, which has several 

interconnected modules to allow data collection and analyses using different devices and 

methods. The three main pipelines for bridge decks include lidar-based inspection, RGB-based 

inspection, and thermal-based inspection.  

In the lidar-based method, 3D point-cloud maps of bridge decks are obtained using 

iPhone’s/iPad’s lidar camera.  The point-cloud data is then run through the software to generate a 

2D map of each bride deck.  The software then detects local defects (delamination) using a 

trained neural network and pinpoints the damage on the global map of the bridge deck.  

In the RGB-based method, RGB images can be acquired using different sources (DSLR, 

smartphone/tablet’s cameras, or cameras on UAVs). However, a drone-based data collection is 

recommended and built-in to develop a full 2D map of bridge decks.  Subsequently, a deep 

learning model trained on a large image dataset is used to detect inspector annotated 

delamination. 

The third pipeline was developed to generate 2D thermal maps of bridge decks using drone-

based thermal imaging then another deep learning model detected the deck delamination in 

thermal maps. 

The findings of all pipelines are then quantified based on the proposed damage state definitions 

discussed in Sec. ES.5 & 6 (as default values, user can change them) and a report is generated 

with standard outputs and formats. In the following sections, the components of the software 

related to bridge decks are briefly discussed. 
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Figure ES.4 – Proposed Computer Vision Framework for Delamination Detection in Bridge Decks 

ES.8.1 Lidar-Based Bridge Deck Map Generation and Delamination Detection 

Bridge deck maps are generated from 3D point clouds recorded by an iPhone/iPad and an 

application that uses the device lidar sensor.  In the present study, PolyCam was used to collect 

the point cloud data.  At each bridge site, the bridge is scanned lane-by-lane to produce a global 

3D map of the bridge deck (e.g., Fig. ES.5). 

Figure ES.5 – A Sample of PolyCam Generated 3D Mesh Viewed in MeshLab 

Subsequently, the 3D scan recorder with an extension of OBJ including its texture map is 

processed to obtain a 2D image of the bridge deck by mapping all 3D points to a reference plane, 

which is the bridge deck surface in the present study.  Figure ES.6 shows a sample 2D map of a 

bridge deck extracted from its 3D map (Fig. ES.5). 
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Figure ES.6 – 2D Maps of Bridge Decks Developed from iPhone Point Cloud Data 

Once a 2D map of the bridge (either lane by lane or whole width of the bridge) is obtained, it is 

forwarded to the neural network for semantic segmentation and quantification of the inspector 

annotations. A large dataset was needed to train deep learning models that can detect inspector 

annotations (e.g., the green markups in Fig. ES.6). Note that the image and lidar dataset 

compiled in the present study was discussed in the previous section (Sec. ES.7). Nevertheless, a 

data augmentation method was performed to further increase the number of images for training 

and testing. 

In the present study, the image training set to detect markups on bridge decks was color 

augmented in the Hue, Saturation, and Value (HSV) color space.  This augmentation method was 

applied randomly with a probability of 50%.  Furthermore, different geometric augmentation 

methods such as scaling and rotations were also applied.  The scaling ranged from 0.5 to 1 of the 

training sample with a probability of 50%.  A rotation of -45 to +45 degrees was applied to 

increase the number of samples.  The dataset was then split into a training and testing set with a 

ratio of 90% and 10%, respectively. The training set was further split into a training and 

validation set of 90% and 10%, respectively. Table ES.7 presents the sample size for the 

inspector annotation image dataset during training and testing.  Note that the training set of 1,553 

was increased to 70,000 after performing the above-mentioned augmentations. 

Table ES.7 – Distribution of RGB Image Dataset Used in Neural Networks 

Set Number of Samples 

Training 1553 

Validation 172 

Testing 192 

Three different neural networks (U-Net, Attention U-Net, Recurrent Residual U-Net) were 

selected with different hyperparameters, but the same loss function (the Dice function) was used 

in all models.  Table ES.8 lists the best hyperparameters of the models during training on the 

dataset. 

Table ES.8 – Hyperparameters of Selected Deep Learning Models During Training on RGB Image Dataset 

Model Batch Size Learning Rate Weight Decay Momentum 

U-Net 5 0.0001 1 × 10−8 0.999 

Attention U-Net 2 0.0005 1 × 10−8 0.99 

Recurrent Residual U-Net 4 0.0001 1 × 10−8 0.99 

The model learns from the prepared data to classify each pixel and compares its predictions with 

benchmark data, which is called a ground truth.  The outcome of the prediction determines how 

much the model has learned or needs to be updated and enhanced.  Figure. ES.7 shows the 

proposed workflow for delamination detection of concrete bridge decks using inspector markups 

and its quantification process. 
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Figure ES.7 – AI-based Delamination Detection Flowchart on 2D Maps of Bridge Decks 

A delamination analysis at the global level (e.g., area-to-area at the full length of the bridge) 

provides a complete assessment of the entire processes and methods of autonomous delamination 

detection in real applications.  Figure ES.8 shows a sample of lidar-based delamination 

assessment for a bridge on its full length, which was 248 ft (75.4 meters). Figure ES.8a shows 

the input image, a 2D map of the bridge deck including the marked delamination by the inspector 

(the enclosed areas with green paint), to the neural network.  This input image is then processed 

to extract patches with a size of 512-by-512 pixels with a stride of 256.  This makes each patch 

have a 50% overlap with the adjacent ones.  Figures ES.8b-d show the predicted pixels by the 

three neural networks as the delamination boundaries (finding the green markups automatically).  

The findings are then used to compute the delamination condition state for individual zone using 

a contour analysis on the post-processed prediction map. The predicted delaminated pixels are 

then connected using morphological transformations and passed through contour analysis.  After 

the completion of the contour analysis, which was done to enclose each delamination and to 

obtain its shape, each of the delaminated areas is then color coded based on the severity of the 

delamination.  The scale information was retrieved from the mesh data.  

Table ES.9 presents a summary of global (area to area) evaluation results.  The U-Net and 

Attention U-Net models performed well on the test set while Recurrent Residual U-Net showed 

xxx 



 

  

 

 

 
  

 
    

 
     

 
     

 
   

    

 
      

    

  

   

  

 

     

 

 

an inferior performance on the test and deck map sets.  Overall, U-Net performed better than the 

other two models and is recommended for field applications. 

(a) 2D Map of Bridge Deck Captured Using an iPhone as Input of Neural Network 

(b) Predicted Delamination by U-Net 

(c) Predicted Delamination by Attention U-Net 

(d) Predicted Delamination by Recurrent Residual U-Net 

(e) Condition States of Delaminated Regions Based on U-Net shown in (b) 

Figure ES.8 – Lidar-Based Delamination Assessment of a 75.4-m (248-ft) Bridge 

Table ES.9 – Global Assessment of Neural Networks for Delamination Detection of 18 Bridge Decks 

Model Deck Map Performance (Area) 

U-Net 99.5% 

Attention U-Net 84.5% 

Recurrent Residual U-Net < 5% 

ES.8.2 Drone-RGB-Based Bridge Deck Map Generation and Delamination Detection 

Drone’s RGB images can be used to develop a 2D map of whole bridge deck, then a deep 

learning model, the same as the one discussed in the previous section, detects the deck 

delamination.  Note that high-elevation images of a bridge can cover its entire deck area; 

however, the resolution of such images is usually low for a successful AI analysis.  By lowering 
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the height of the drone, a high-resolution image can be captured but may not cover the whole 

deck.  The present study proposes an image stitching method that overcomes this shortcoming by 

providing a high-resolution image of the entire bridge deck suitable for AI damage detections.  

Figure ES.9 shows the proposed image stitching process, which uses camera parameters, feature 

detection, and feature matching, to develop a 2D map of the entire bridge deck. In this method, 

RGB images are first rectified using camera calibration parameters. The rectified RGB images 

are then used to detect features within each image followed by the feature matching for 

corresponding points in the common regions of two overlapping images. Subsequently, a 

homography matrix (HRGB) is calculated using these matched feature points. The process is 

performed on all images and then a 2D map of the bridge deck is formed by image warping and 

blending. Figure ES.9 shows an example of such process for 11 overlapping RGB images taken 

by a drone.  Note that the 2D map of the bridge deck in Fig. ES.9 was shown in a perspective 

view for clarity.  

Figure ES.9 – 2D Maps of Bridge Decks Developed from Drone’s RGB Images 

Figure ES.10 shows a stitched image of a 293 ft (89.3 m) long bridge deck using 50 overlapping 

images following the above-mentioned method. The delaminated regions were paint marked in 

green on the bridge deck. Following the training and validation of the deep learning model 

discussed in Sec. ES.8.1, the 2D deck map of this bridge was fed to the AI model to detect the 

delaminated regions. The neural network successfully detected the paint markings in the image 

(Fig. ES.10b). The accuracy of the neural network to detect the delaminated area was 96%.  

Figure ES.10c shows a superimposed AI-detected delamination map on the bridge deck, which 

indicates a successful localization and quantification of this defect. 
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(a) Stitched RGB Image of Bridge Deck 

(b) Predicted Delamination by U-Net 

(c) Condition States of Delaminated Regions Based on U-Net shown in (b) 

Figure ES.10 – Delamination Assessment of an 89.3-m (293-ft) Bridge Deck Using Drone’s RGB Images 

ES.8.3 Drone-Thermal-Based Bridge Deck Map Generation and Delamination Detection 

Literature lacks systematic methods for the map generations of bridge decks using either RGB or 

thermal imaging. As discussed in the previous section, novel RGB-based map generation and 

delamination detection for bridge decks were developed in the present study.  Furthermore, the 

research team developed a novel method of generating thermal maps for bridge decks and trained 

deep learning models that can automatically detect concrete delamination in thermal images.  

The thermal map generation and delamination detection for concrete bridge decks are briefly 

discussed herein. 

Figure ES.11 shows the proposed methodology to automatically generate a delamination map 

for concrete bridge decks using a fused RGB-thermal imaging and computer vision.  The steps 

include collection of overlapping images using a drone that is equipped with a pair of thermal 

and RGB cameras, which are calibrated and correlated.  Subsequently, RGB images are stitched 

to develop a 2D map of the bridge deck following the method discussed in the previous section. 

Then, thermal data are superimposed over the RGB data using homography mapping.  

Subsequently, the fused data is processed to obtain the thermal map of the whole bridge deck 

(Fig. ES.12). The final stage is to analysis the thermal map using a trained neural network to 

automatically detect delaminated regions (Fig. ES.13). Note that the 2D RGB-thermal maps of 

the bridge deck in Fig. ES.12 were shown in a perspective view for clarity.  
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Figure ES.11 – Workflow for Delamination Detection in Concrete Bridge Decks Using Thermal Imaging 

Figure ES.12 – 2D Maps of Bridge Decks Developed from Drone’s RGB-Thermal Images 
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Out of 5,456 original and augmented thermal images that were compiled in the present study, 

80% of the image dataset was used to train the models and 20% was used to test the performance 

of the neural networks. Table ES.10 presents a summary of the performance of U-Net, and its 

five different variants used in the present study for thermal image processing. Note that these 

performance parameters were based on 419 validation images.  It can be seen that the U-Net 

model outperformed the other models in terms of performance parameters, in which it showed an 

accuracy of 86.2%, a precision of 69.7%, a recall of 76%, an F1-score of 67.4%, and a Jaccard 

index of 54.5%.  

Table ES.10 – Performance Parameters for Different Variants of U-Net Architecture for Thermal Image Data 

U-Net Attention U-Net ResUnet TransResU-Net R2U-Net ResUNet++ 
Parameter 

(%) (%) (%) (%) (%) (%) 

Accuracy 86.2 85.9 78.8 83.6 11.2 85.8 

Precision 69.7 60.1 10.6 44.4 2.6 60.8 

Recall 75.8 56.3 47.6 30.9 1.1 55.1 

F1 score 67.4 58.1 17.3 34.1 1.5 57.6 

Jaccard index 54.5 54.1 10.3 24.3 0.8 53.5 

Figure ES.13 shows a sample result in which the white color represents the detected 

delaminated regions of the bridge deck.  The figure also includes a corresponding ground truth 

map for this bridge, which was obtained from the chain-drag method by an expert inspector. 

Compared with the ground truth, the model showed an accuracy of 77% on the intersection over 

union. As a global performance assessment, it was found that the total physical delaminated area 

(e.g., m2) of the prediction was 99% of that of the ground truth. Note that the thermal image 

showed higher temperatures at both ends of the bridge.  This was because vaulted (mostly 

hollow) abutments were used at the ends.  Overall, the neural network was reasonably accurate 

and was able to detect delamination, their location and areas on the entire bridge deck. 

xxxv 



 

 
  

 

 
  

 

   

 

  

 

  

 

  

      

 

  

    

   

  

    

     

 

 

(a) RGB Image 

(b) Thermal Image 

(c) Patch Size Used for Thermal Image 

(d) Overlapping Patches from Thermal Image 

(e) Ground Truth 

(f) Predicted Delamination 

Figure ES.13 – Performance of U-Net in Detection of Delamination on an 89.3 m (293 ft) Bridge Deck 

ES.9 Steel Girder Condition Assessment 

The present study also offers a human-in-the-loop method for condition assessments of steel 

girders. Figure ES.14 shows a flowchart for such assessment. In the proposed method, RGB 

cameras of drones or conventional devices can be used to capture the images.  Camera 

calibration parameters are then used to undistort and correct each RGB image.  Furthermore, in 

most cases, it is not feasible to capture images of bridge girders at a 90° angle (perpendicular to 

the girder’s web) thus an alternative method is needed to virtually correct the perspective of the 

image. The study proposes a perspective correction in which the inspector/user selects four 

points on the girder, which their locations (coordinates on the girder elevation view including 

relative distances between the points or girder depth) are known. These dimensions can be 
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collected in the field during bridge inspections or from the structural drawings. The top and 

bottom of (two) steel girder web stiffeners may be used as those known points (e.g., Fig. ES.15). 

These four points and their coordinates are then used to perform perspective correction of the 

girder image and to retrieve the scale of the image (the pixel-to-physical-length information). 

Subsequently, the inspector/user annotates the defected regions of the steel girder.  Finally, a 

damage map will be generated. Figure ES.15 shows an example of steel girder assessed using 

this approach. The total defected area (paint loss in this example) was estimated to be 0.23 m2 

(2.5 ft2) for this girder.  Note that the depth of the girder was 0.92 m (3 ft). Based on the 

proposed damage states for steel girders (Sec. ES.6), the software estimates the condition state of 

each damage.  

Figure ES.14 – Workflow for Steel Girder Defect Quantification Using a Human-in-the-Loop Method 
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(a) Collected RGB Image – Select Four Points 

(b) Perspective Corrected Image 

(c) Damage Map for Steel Girder 

(d) Damaged Map Overlayed on Steel Girder (Damaged Regions Shown in Red) 

Figure ES.15 – Sample of Damage Assessment for Steel Girders Using a Human-in-the-Loop Method 

ES.10 Computer Vision Based Bridge Inspection and Reporting Software 

In the present study, the research team proposed three methods to detect defects of concrete 

bridge decks and to generate inspection reports using lidar data, drone based RGB imaging, and 

drone-based thermal imaging. Furthermore, a method to estimate steel girder defects was also 

developed.  All these methods, in which computer vision techniques were incorporated, were 

discussed in the previous sections.  A user-friendly software, Bridge Computer Vision Inspection 

Tools (Br.CVIT), was developed by the research team implementing all the above-mentioned 

methods and approaches.  The software (a screenshot is shown in Fig. ES. 16) includes five 

modules to perform: (1) assessment of bridge decks using lidar data, (2) assessment of bridge 
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decks using drone’s RGB images, (3) assessment of bridge decks using drone’s RGB-thermal 

images, (4) assessment of steel girders using single RGB image, and (5) calibration of RGB and 

thermal cameras.  A comprehensive user guide was developed providing step-by-step procedures 

to perform each assessment.  

Figure ES.16 – Bridge Computer Vision Inspection Tools (Br.CVIT) 

ES.11 Best Practices to Collect Data 

During the course of the project, the research team exercised different data collection methods 

and practices, and found some of those, especially for lidar and thermal data, crucial for 

successful post-processing by the software.  This section provides guidelines on the best 

practices to obtain inspection data including iPhone/iPad lidar imaging, drone RGB imaging, and 

drone thermal imaging. 

ES.11.1 Best Practices to Collect Lidar Data 

To obtain lidar data using iPhone/iPad, PolyCam App, one of many applications available for 

such data, can be used. The lidar data can then be exported to the software (Br.CVIT) using the 

Object format. The research team recommends the following as the best practices when 

collecting the lidar data: 

• Scan the bridge deck at height of 5 ft or less. 

• Scan one lane at a time. 

• Scan along the sunlight to avoid glare. 
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Figure ES.17 – Data Collection Using iPhone/iPad Lidar Sensor 

ES.11.2 Best Practices to Collect RGB and Thermal Data 

Based on the resolution of RGB and thermal sensors, the drone height must be adjusted for a 

preferred dimension that can cover a lane, multiple lanes, or the full width of the bridge. Figure 

ES.18 shows two cases for single lane and full width of bridges, and Fig. ES.19 shows sample 

images taken by a DJI Mavic 3T drone. 

(a) Cover Single Lane (b) Cover Full Width 

Figure ES.18 – Flying Height of Drone to Cover Single Lane or Full Width of Bridges 
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RGB Images 

Height: 6.1 m (20 ft) Height: 9.14 m (35 ft) Height: 45.72 m (150 ft) Height: 91.44 m (300 ft) 
Thermal Images Corresponding to the above RGB Images 

Height: 6.1 m (20 ft) Height: 9.14 m (35 ft) Height: 45.72 m (150 ft) Height: 91.44 m (300 ft) 

Figure ES.19 – Sample of Drone RGB-Thermal Images Collected at Different Heights from Bridge Decks 

ES.11.2.1 Gimble Angle 

To better stitch individual images after collecting multiple images of a bridge deck, it is 

important to keep the gimble pointed directly downward (Nadir) instead of having a slanting 

angle (Fig. ES.20). Figure ES.21 provides sample images captured with different gimble 

angles.  The images collected at a slanting angle cause problems in image stitching procedure.  

For example, Fig. ES.22 compares stitched image of a bridge based on the data collected at a 

slanting angle with a stitched image obtained from images collected at the recommended angle.  

Nadir - Point Directly Downward (Recommended) Slanting Angle (Not Recommended) 

Figure ES.20 – Recommended Gimble Angle for RGB and Thermal Imaging 

xli 



 

  
   

  
   

   

 

 
 

 

  

     
 

     

     

   

  

Nadir - Point Directly Downward (Recommended) Slanting Angle (Not Recommended) 

Nadir - Point Directly Downward (Recommended) Slanting Angle (Not Recommended) 

Figure ES.21 – Sample Images with Different Gimble Angles 

Slanting Angle (Not Recommended) 

Nadir - Point Directly Downward (Recommended) 

Figure ES.22 – Comparison of Stitched Images Based on Data Collected at Slanting Angle and Pointing 
Downward 

ES.11.2.2 Overlap Between RGB or Thermal Images 

There should be an overlap between the successive RGB or thermal images of bridge decks. An 

overlap of 30 to 60% is recommended (Fig ES.23). Note that since the field of view of existing 

thermal cameras is narrower than that of RGB, more images might be needed when collecting 

thermal data. Adequate overlap provides a better image stitching outcome for bridge decks. 
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Figure ES.23 – Required Overlap in Successive Drone Imaging 

ES.11.2.3 Suitable Time Period to Collect Thermal Images of Bridge Decks 

Bridge inspections usually start early in the morning and last for the whole day.  However, 

thermal gradients of the bridge decks may vary substantially from sunrise to sunset.  It is crucial 

to find the best times of days in which thermal data is viable and sufficient to detect deamination.  

Note one may collect thermal data at night; however, it is not common, and the neural network 

trained in the present project works only on the day data, where delaminated areas of concrete 

are hotter.  

To understand the best timeframe for thermal data collection, thermal images were captured for a 

bridge from 6 a.m. to 8 p.m. with two-hour intervals during a summer day at a latitude of 

45.1078764°N (South Dakota, USA).  Figure ES.24 shows the stitched thermal maps of the 

bridge deck for these 14 hours.  At 6 a.m., the delaminated regions were colder as compared to 

the intact regions of the concrete deck.  As the bridge absorbs heat during the daytime, the 

delaminated regions heat up more than the intact regions thus they appear as hot spots in the 

images.  From noon to 4 p.m., the delaminated regions were conspicuous as easily seen in the 

figures as hot spots.  In the evening, as the bridge got cooler, the delaminated regions started to 

fade out. 

To explore the deep learning model performance on these 14-hour data collection scheme, the 

central portion of the stitched images, the two traffic lanes, were cropped and then fed to the 

neural network.  Figure ES.25 shows the model detected delaminated regions.  Using the 

morning data, the neural network was not able to detect correct delaminated regions as the 

temperature of these regions was lower than the intact regions.  However, the model was 

consistent in detecting delamination using data obtained between noon and 4 p.m.  

It is understood that location and weather also play a significant role in collecting suitable 

thermal data for bridges.  Nevertheless, as a general guide and based on thermal maps and deep 

learning model performance to detect delamination, the study proposes to collect thermal images 

from concrete bridge decks from 11 a.m. to 5 p.m. at latitudes less than 46°N in the northern 

hemisphere. The time window is expected to be shorter in higher latitudes such as Alaska. 
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Figure ES.24 – Suitable Time for Thermal Data Collection 
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Thermal Detected Delamination 

Data Collected at 6 a.m. 

Data Collected at 8 a.m. 

Data Collected at 10 a.m. 

Data Collected at 12 p.m. 

Data Collected at 2 p.m. 

Data Collected at 4 p.m. 

Data Collected at 6 p.m. 

Data Collected at 8 p.m. 

Figure ES.25 – Delamination Detection by Neural Network for Thermal Images Collected at Different Time 
of a Summer Day 
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ES.12 Summary and Conclusions 

Regular maintenance of transportation infrastructure such as bridges is crucial in extending their 

service life while reducing long term repair costs.  Transportation agencies such as the Federal 

Highway Administration (FHWA) seek emerging technologies and innovative programs to 

enhance asset management and maintenance.  Furthermore, timely inspections of bridges by 

trained personnel are mandated per national and state specifications.  The Alaska Department of 

Transportation and Public Facilities (DOT&PF) engineers inspect approximately 500 bridges 

each year.  In Alaska, approximately 44% of bridges are in good condition, 49% are in fair 

condition, and 7% are rated poor based on the 2023 National Bridge Inventory (NBI) data.  

In general, visual inspection is the common practice for inventory and routine inspections and is 

combined with other tools such as nondestructive evaluation (NDE) in other inspections for 

enhanced assessment.  The inspector must complete both an NBI inspection and an element level 

inspection for each bridge.  Nationwide, most steps of bridge inspections such as data collection, 

defect quantification, and damage reporting are done manually.  Furthermore, each of these steps 

is time consuming, error prone, and hard to repeat in the following inspections due to the manual 

nature of these activities.  Such measurements often require traffic control for the safety of the 

inspection crew, and the findings might not be consistent if done by different inspectors.  

Computer vision, a field of artificial intelligence (AI) that can analyze scenes at human level 

performance, can speed up defect identification and quantification only using images of bridge 

elements. Progress in computer aided analysis of visual imagery has initiated widespread use of 

computer vision tools in various tasks, including but not limited to object classification, 

categorization, detection, and generation by learning from provided datasets for specific tasks.  

Even though the academic and industry level developments are interesting and on the right track 

for field deployment, they usually lack practicality and are overwhelming for everyday users.  

For example, the academic-level computer programs are not as user-friendly as commercial 

software, and the industry-level software packages are so enlarged targeting multiple assets 

preventing them from being practical.  In summary, current tools do not fully address the needs 

of DOTs for routine bridge inspections. 

The primary objective of this project was to develop practical AI tools that help inspectors with 

defect detection and measurement and facilitate the inspection reporting following standard 

practices.  To achieve the project goals, a comprehensive literature review of the current 

scientific trend and AI tools was performed on delamination detection, bridge map generation, 

and damage state estimation.  Then, a new definition of condition states for delamination of 

concrete bridge decks and steel girder defects suitable for computer programming was proposed.  

Subsequently, more than 50 bridges were inspected, and a comprehensive dataset of inspector 

annotated delamination was compiled using iPhone-based lidar, conventional cameras, and drone 

based RGB and thermal cameras.  Images of steel girders with and without damages were also 

collected.  A novel approach to generate a thermal map for entire bridge using RGB and thermal 

images from drones was developed.  Calibration of RGB and thermal cameras was carried out to 

undistort the images. Homography matrices obtained from RGB image stitching were utilized to 

generate thermal maps of the entire bridge decks. Best practices to collect lidar, RGB and 

thermal data from concrete bridge decks were also proposed.  Finally, an AI-based tool that can 

detect, quantify, and map the inspector’s annotations, and produce a delamination map of whole 
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bridge deck including their condition states was developed for RGB images.  A separate AI-

based tool was developed for thermal images to identify the potential delaminated regions.  Since 

data normalization usually impacts training and model accuracy, seven different normalization 

methods based on the mean, standard deviation, minimum and maximum temperatures for 

thermal images were evaluated to obtain the best prediction of delamination. Furthermore, for 

inspecting bridge steel girders, a simple tool with a human-in-the-loop method was developed to 

allow users to remove camera distortions from RGB images, annotate steel girder defects such as 

paint loss in the image, and obtain the physical area of the damage. A user-friendly software, 

Bridge Computer Vision Inspection Tools (Br.CVIT), was developed by the research team 

implementing all of the above-mentioned methods and approaches.  

The following conclusions can be drawn from this computer vision-based study on bridge 

inspections: 

• A new condition state definition was developed for delamination of concrete bridge 

decks.  The new definition enhances the physical interpretation of existing criteria in 

AASHTO by using definitive and quantitative measures at all four levels that are suitable 

for computer programming and automated analysis.  The new definition ensures greater 

alignment between manual assessments and computer-based analyses, improving the 

accuracy and consistency of damage evaluations. The definitions were implemented in 

Br.CVIT as default values and was found viable and repetitive.  

• A similar definition was developed for steel girders and were implemented in Br.CVIT. 

• A new image-lidar dataset of inspector annotated delamination was compiled after 

inspecting more than 50 bridges.  The images are particularly applicable in training 

neural network models to automatically detect and measure inspector-annotated 

delaminated areas.  This dataset contains 1,918 RGB photographs of inspector 

annotations and 18 lidar scans of bridge decks.  

• For detections of the inspector annotations on bridge decks in RGB images, three neural 

network models for image segmentation (U-Net, Attention U-Net, and Recurrent 

Residual U-Net) were evaluated through hyper-parameter tuning, image preprocessing, 

and augmentation.  The color and geometric augmentations of a somewhat small training 

dataset expanded the dataset to 70,000 to improve generalization and accuracy. U-Net 

was found to be the best model.  

• To detect delamination in thermal images, six neural networks for image segmentation 

(U-Net, Attention U-Net, Residual U-Net, Transformer ResU-Net, Recurrent Residual U-

Net, and ResUNet++) were evaluated. U-Net was found to be the best model.  

• Among seven methods to normalize the thermal image dataset, the normalization method 

based on the individual mean temperature and standard deviation performed better.  

• A method to generate high-quality bridge deck maps was developed to extract 2D bridge 

deck maps from reconstructed 3D mesh (point cloud) data.  This allows high accuracy in 

quantification of the annotated area by inspectors. 

• Thermal maps for several bridges were successfully generated using a novel approach 

based on RGB and thermal image stitching. 

• A two-level assessment of the detection of delaminated areas in bridge decks using lidar 

data was conducted.  Local delamination assessment, which evaluates pixel-to-pixel 

correspondences, was conducted to measure the quality of the granular prediction.  The 

pixel-to-pixel level accuracy for RGB image was less than 75% for the best model. The 
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global delamination assessment (area-to-area) exhibited, on the other hand, a near-to-

perfect performance with 99.5% accuracy over 18 bridges.  Furthermore, the global 

assessment confirmed that, regardless of the quality of the local assessment, the 

framework can quantify the area inside the delaminated spot with high accuracy. The 

accuracy of the neural network in detecting delaminated areas of 2D RGB maps of bridge 

decks obtained from drone RGB images was at 96%.   

• For thermal image dataset, the best U-Net model showed an accuracy of 77% to 83% in 

terms of intersection over union to predict delamination in concrete bridge decks.  As a 

global performance assessment, it was found that the total physical delaminated area of 

bridge decks detected by the AI model was on average 96% that of the ground truth for 

seven concrete bridge decks, indicating that the model is very accurate. 

• The proposed defect detection method for steel girders was also simple and reasonably 

accurate. 

Overall, the proposed multi-device computer-vision based study can expediate bridge deck 

inspections for delamination by automating the entire process of data analysis for point clouds, 

RGB, and thermal images, and damage identification and condition state estimation using neural 

networks. 
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CHAPTER 1 – INTRODUCTION 

1.1 Introduction 

There are more than 617,000 bridges in the United States.  Of which, 42% have already passed 

their design life (ASCE, 2021).  Furthermore, 44.10% of the US bridges are in good condition, 

49.14% are in fair condition, and 6.75% are in poor condition based on the 2024 National Bridge 

Inventory (NBI) data (Infobridge, 2024). Bridges in the USA are required to be routinely 

inspected every two years (NBIS, 2022).  The nation-wide bridge inspection data is used to 

allocate federal funds for maintenance and repair needs in the following year.  

The Alaska Department of Transportation & Public Facilities (DOT&PF) is responsible for 

condition assessment of approximately 1000 bridges in the state.  Of which, approximately 44% 

are in good condition, 49% are in fair condition, and 7% are rated poor, well aligned with the 

national trends (Infobridge, 2024).  The Alaska Bridges and Structures Manual (2023) specifies 

different types of inspections such as inventory, routine, in-depth, and damage.  Visual 

inspection is the common practice for inventory and routine inspections and is combined with 

other tools such as non-destructive evaluation (NDE) in other inspections for enhanced 

assessment.  The inspector must complete both an NBI inspection (following the FHWA 

Specifications for the National Bridge Inventory, 2022) and an element level inspection (based 

on the AASHTO Manual for Bridge Element Inspection, MBEI, 2019) per bridge. 

Almost all visible components of a bridge are assessed in a routine inspection by trained 

personnel.  Some bridge elements such as decks are inspected from both top and underneath the 

bridge and some components such as girders and bents are usually inspected from underneath.  

Sometimes heavy equipment such as boom trucks is used in a routine inspection to access hard-

to-reach areas.  Nevertheless, submerged (e.g., bents in water) and embedded (e.g., piles) 

components are not inspected in a routine inspection. They might be assessed in different 

inspection types using more sophisticated methods and equipment.  

Nationwide, most steps of bridge inspections such as data collection, defect quantification, and 

damage reporting are done manually.  Furthermore, each of these steps is time consuming, error 

prone, and hard to repeat in the following inspections due to the manual nature of these activities.  

For example, the “deck delamination mapping” requires manual detection and measurement of 
delaminated concrete, patched areas, exposed reinforcing steel bars, and spalling.  Such 

measurements often require traffic control for the safety of the inspection crew, and the findings 

might not be consistent if done by different inspectors.  In recent years, drones equipped with 

various sensors (e.g., Red-Green-Blue (RGB), thermal, and/or lidar) have been specifically 

developed for bridge inspections with costs that are affordable by many transportation agencies 

(Feroz & Abu Dabous, 2021).  When a drone with RGB and thermal cameras is used in a routine 

inspection, the bridge data can be quickly collected without the need for heavy equipment and 

with a minimal impact to traffic. However, data (image) processing obtained by drones to detect 

and quantify bridge defects are also carried out mostly manually or using proprietary software. 

Overall, bridge evaluation through routine inspection is performed with conventional equipment 

(e.g., inspection trucks, cameras, laser distance meters, and drones in recent years) and the 

quantification of observed defects (e.g., area of spalled concrete) are mostly done manually. 
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Of different bridge components, concrete decks and steel girders are the focus of this study.  For 

decks, inspectors usually look for major cracks, spalling, patching, and delamination.  The deck 

surface damage is visible and is usually documented using cameras.  However, detection of 

subsurface deck defects such as delamination is more challenging. Different NDE techniques 

have been utilized for deck subsurface damage detection including chain drag, impact echo, 

ground penetrating radar (GPR), electric resistivity, and infrared thermography (Aljagoub et al., 

2022; and Omar & Moselhi, 2022).  The chain-drag method, which is the simplest and most used 

method, is done by dragging a few strings of steel chains on the deck surface to hear sounds that 

are different when reaching delaminated areas.  Nonetheless, the chain-drag method is subjective 

in nature and depends on the expertise of the inspector and ambient noise (Aljagoub et al., 2022).  

Collecting data using impact echo, GPR, electric resistivity, and infrared thermography requires 

special equipment and is usually laborious, and post-processing of such data requires expertise 

and proprietary software. 

The same issues discussed above exist for bridge steel girders to detect and quantify their 

defects. As mentioned earlier, even when drones are used to collect the image of girders, 

processing such data (e.g., image) to obtain and quantify girder defects is mostly manual and 

subjective.  

Computer vision, a field of artificial intelligence (AI) that can analyze scenes at human level 

performance, can speed up defect identification and quantification only using images of bridge 

elements.  Furthermore, this and other AI tools can be utilized to expedite and unify reporting.  

Even though the academic and industry level developments are interesting and on the right track 

for field deployment, they usually lack practicality and are overwhelming for everyday users.  

For example, the academic-level computer programs are not as user-friendly as commercial 

software, and the industry-level software packages are so enlarged targeting multiple assets 

preventing them from being practical.  

In summary, current tools do not fully address the needs of DOTs for routine bridge inspections.  

Alternative data collection, data processing, defect detection and quantification, and digital 

reporting are needed to expedite and enhance bridge inspections.  

1.2 Problem Statement and Research Objective 

As discussed above, despite novel inspection procedures and emerging technologies, bridge 

inspections in Alaska and nationwide remain predominantly manual. For example, defect 

detection and quantification such as deck delamination mapping are done manually, which 

require significant time and labor. Furthermore, existing NDE methods are not common in 

routine inspection since they are also time consuming, costly, and require expert input for data 

processing.  AI-based inspection tools are emerging, but the current tools are either too complex 

for routine use or not tailored to DOT needs. The main objective of the present project was to 

develop practical AI tools that help inspectors with defect detections and quantifications, and to 

facilitate the inspection reporting following the DOT&PF standard requirements. Concrete 

decks and steel girders were the focus of the study. 
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1.3 Scope of Study and Document Outline 

To achieve the project goals, more than 50 bridges were inspected by the research team using 

multiple devices (Light Detection and Ranging (lidar) sensors of iPhone/iPad, hand-held 

cameras, and drones with RGB and thermal sensors) and data format (point clouds, RGB, and 

thermal images), additional data was provided by DOT&PF, a large inspection database 

including photographs of the selected elements with and without damage was compiled, and a 

user-friendly software powered by computer vision tools was developed for the selected 

elements to detect their defects, quantify the defects, and produce a report following standard 

practices. The present report includes a summary of these activities. 

Chapter 2 presents a comprehensive literature review of the current scientific trend and AI tools 

on delamination detection, bridge map generation, and damage state estimation.  Then, new 

definitions of condition states for delamination of concrete bridge decks and steel girder defects 

suitable for computer programming are proposed in Ch. 3. Chapter 4 discusses the 

comprehensive inspection dataset of inspector annotated delamination and steel girder damages.  

The development of an AI-based inspection software (Br.CVIT) that can detect, quantify, and 

map the inspector’s annotations, and produce a delamination map of whole bridge deck including 

their condition states is discussed in Chapters 5-8. Chapter 7 provides a human-in-loop 

method of damage quantification for steel girders, which was also included in the software. 

Finally, the best practices to collect lidar, RGB and thermal images of the bridge deck are 

discussed in Ch. 9. Finally, Ch. 10 provides a summary and conclusions of the study. 
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CHAPTER 2 – LITERATURE REVIEW 

2.1 Introduction 

Routine inspections are necessary to monitor condition states of bridges.  Both a National Bridge 

Inventory (NBI) inspection (a 10-level condition rating for bridges and bridge components (e.g., 

decks, superstructures, substructures, etc.) following the FHWA Specifications for the National 

Bridge Inventory, 2022) and an element-level inspection (a four-level element-by-element 

condition state assessment based on the AASHTO MBEI, 2019) must be carried out per bridge.  

Based on the inspection findings, bridges are prioritized, and funds are allocated to better 

maintain or repair them.  In the United States, routine inspections of bridges are performed every 

two years resulting in approximately 300,000 inspections per year.  Inspection seasons are 

usually in the warmer months of the year such as May through October but vary state by state. 

In current practice, bridges are inspected mostly manually, and their defects are also quantified 

manually.  Visible damage is easy to detect; however, internal defects such as concrete 

delamination and steel bar corrosion are hard to find.  Delamination is an internal defect in 

concrete caused by insufficient pouring, fatigue, freeze-thaw cycles, and environmental 

influences.  Delamination can accelerate the corrosion of reinforcing steel bars, which further 

causes internal pressure then cracking at the concrete-to-bar interfaces.  Two simple and cost-

effective nondestructive evaluation (NDE) techniques that are widely used in routine bridge 

inspections to detect concrete delamination are chain-drag and sound-hammering methods. Other 

NDE methods exist but they are not common in routine inspections.  

Drones are getting more attention and are used more frequently nowadays in bridge inspections, 

especially that drones equipped with both Red-Green-Blue (RGB) and thermal cameras are 

currently commercially available with a cost of only a few thousand dollars, which is 

insignificant compared with other NDE methods and/or inspection equipment.  RGB data reveals 

visible damage of bridge elements such as decks, and thermal data can be used to detect 

subsurface concrete anomalies such as old patching and delamination.   

In this chapter, a brief review of element-level inspection and assessment is presented first, then 

NDE methods for bridge decks are discussed, and a short review of current trends in computer 

vision, a field of artificial intelligence (AI), specific to bridge inspections is presented at the end. 

2.2 Bridge Element Inspection and Assessment 

The AASHTO Manual for Bridge Element Inspection (AASHTO MBEI, 2019) provides four-

level condition state assessments for all elements of bridges. Since a few bridge elements 

(concrete decks and steel girders) are the focus of the present study, the AASHTO MBEI 

element-level assessments are adopted herein over the NBI component-level condition rating.  

The following sections present the condition levels for a few select bridge elements. 

2.2.1 Bridge Decks 

The AASHTO bridge deck inspection guideline mostly focuses on the visible defects of deck 

elements such as spalling, patching, and exposed bars. Deck delamination is the only subsurface 

defect, which is found using one of the NDE methods. Table 2.1 presents the AASHTO 
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definition of condition states for concrete decks. 

Table 2.1 – AASHTO Condition States for Concrete Decks (AASHTO MBEI, 2019) 

Defects 
CS 1 CS 2 CS 3 CS 4 

Good Fair Poor Severe 

Delamination 

/Spall /Patched 

Area (1080) 

None. 

Delaminated. Spall 1 in. 

or less deep or 6 in. or 

less in diameter. Patched 

area that is sound. 

Spall greater than 1 in. deep or 

greater than 6 in. diameter. 

Patched area that is unsound or 

showing distress. Does not 

warrant structural review. 

The condition 

warrants a 

structural review 

to determine the 

effect on 

strength or 

serviceability of 

the element or 

bridge; OR a 

structural review 

has been 

completed and 

the defects 

impact strength 

or serviceability 

of the element or 

bridge. 

Exposed Rebar 

(1090) 
None. 

Present without 

measurable section loss. 

Present with measurable 

section loss but does not 

warrant structural review. 

Efflorescence/ Rust 

Staining (1120) 
None. 

Surface white without 

build-up or leaching 

without rust staining. 

Heavy build-up with rust 

staining. 

Cracking (RC) 

(1130) 

Insignificant cracks 

or moderate width 

cracks that have 

been sealed. 

Unsealed moderate width 

cracks or unsealed 

moderate pattern (map) 

cracking. 

Wide cracks or heavy pattern 

(map) cracking. 

Abrasion/ Wear 

(PSC/RC) (1190) 

No abrasion or 

wearing. 

Abrasion or wearing has 

exposed coarse aggregate 

but the aggregate remains 

secure in the concrete. 

Coarse aggregate is loose or 

has popped out of the concrete 

matrix due to abrasion or wear. 

2.2.2 Superstructure Elements 

Superstructure elements such as girders are considered part of the main load-bearing components 

of a bridge and are inspected for cracks, corrosion, and loss of protective coating.  Table 2.2 

presents the AASHTO condition states for prestressed concrete girders and Table 2.3 presents 

such definitions for steel girders. 
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Table 2.2 – AASHTO Condition States for Prestressed Concrete Girders (AASHTO MBEI, 2019) 

Defects 
CS 1 CS 2 CS 3 CS 4 

Good Fair Poor Severe 

Delamination/Spalls/ 

Patch Areas (1080) 
None. 

Delaminated. Spall 1 

in. or less deep or 6 

in. or less in 

diameter. Patched 

area that is sound. 

Spall greater than 1 in. deep or 

greater than 6 in. diameter. 

Patched area that is unsound or 

showing distress. Does not 

warrant structural review. 

The condition 

warrants a 

structural review 

to determine the 

effect on strength 

or serviceability 

of the element or 

bridge; OR a 

structural review 

has been 

completed and the 

defects impact 

strength or 

serviceability of 

the element or 

bridge. 

Exposed Rebar 

(1090) 
None. 

Present without 

measurable section 

loss. 

Present with measurable section 

loss but does not warrant 

structural review. 

Exposed 

Prestressing (1100) 
None. 

Present without 

section loss. 

Present with section loss but 

does not warrant structural 

review. 

Efflorescence/Rust 

Staining (1120) 
None. 

Surface white 

without build-up or 

leaching without rust 

staining. 

Heavy build-up with rust 

staining. 

Cracking (PSC) 

(1110) 

Insignificant cracks 

or moderate-width 

cracks that have 

been sealed. 

Unsealed moderate 

width cracks or 

unsealed moderate 

pattern (map) 

cracking. 

Wide cracks or heavy pattern 

(map) cracking. 

Abrasion/Wear 

(PSC/RC) (1190) 

No abrasion or 

wearing. 

Abrasion or wearing 

has exposed coarse 

aggregate but the 

aggregate remains 

secure in the 

concrete. 

Coarse aggregate is loose or has 

popped out of the concrete 

matrix due to abrasion or wear. 

Distortion (1900) None. 

Distortion does not 

require mitigation or 

mitigated distortion. 

Distortion that requires 

mitigation that has not been 

addressed but does not warrant 

structural review. 

Settlement (4000) None. 

Exists within 

tolerable limits or no 

observed structural 

distress. 

Exceeds tolerable limits but 

does not warrant structural 

review. 

Scour (6000) None. 

Exists within 

tolerable limits or 

has been arrested 

with effective 

countermeasures. 

Exceeds tolerable limits but is 

less than the critical limits 

determined by scour evaluation 

and does not warrant structural 

review. 

Damage (7000) Not applicable. 

The element has 

impact damage. The 

specific damage 

caused by the 

impact has been 

captured in CS 2 

under the 

appropriate material 

defect entry. 

The element has impact damage. 

The specific damage caused by 

the impact has been captured in 

CS 3 under the appropriate 

material defect entry. 

The element has 

impact damage. 

The specific 

damage caused by 

the impact has 

been captured in 

CS 4 under the 

appropriate 

material defect 

entry. 
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Table 2.3 – AASHTO Condition States for Steel Elements (AASHTO MBEI, 2019) 

Defects 
CS 1 CS 2 CS 3 CS 4 

Good Fair Poor Severe 

Corrosion (1000) None. 

Freckled rust. 

Corrosion of the steel 

has initiated. 

Section loss is evident, or pack 

rust is present but does not 

warrant structural review. 

The condition 

warrants a 

structural review to 

determine the 

effect on strength 

or serviceability of 

the element or 

bridge; OR a 

structural review 

has been 

completed and the 

defects impact 

strength or 

serviceability of 

the element or 

bridge. 

Cracking (1010) None. 

Crack that has self-

arrested or has been 

arrested with 

effective arrest holes, 

doubling plates, or 

similar. 

Identified crack that is not 

arrested but does not warrant 

structural review. 

Connection 

(1020) 

Connection is in 

place and functioning 

as intended. 

Loose fasteners or 

pack rust without 

distortion is present 

but the connection is 

in place and 

functioning as 

intended. 

Missing bolts, rivets, or 

fasteners; broken welds; or pack 

rust with distortion but does not 

warrant a structural review. 

Distortion (1900) None. 

Distortion not 

requiring mitigation 

or mitigated 

distortion. 

Distortion that requires 

mitigation that has not been 

addressed but does not warrant 

structural review. 

Settlement (4000) None. 

Exists within 

tolerable limits or 

arrested with no 

observed structural 

distress. 

Exceeds tolerable limits but does 

not warrant structural review. 

Scour (6000) None. 

Exists within 

tolerable limits or 

has been arrested 

with effective 

countermeasures. 

Exceeds tolerable limits but is 

less than the critical limits 

determined by scour evaluation 

and does not warrant structural 

review. 

Damage (7000) Not applicable. 

The element has 

impact damage. The 

specific damage 

caused by the impact 

has been captured in 

CS 2 under the 

appropriate material 

defect entry. 

The element has impact damage. 

The specific damage caused by 

the impact has been captured in 

CS 3 under the appropriate 

material defect entry. 

The element has 

impact damage. 

The specific 

damage caused by 

the impact has 

been captured in 

CS 4 under the 

appropriate 

material defect 

entry. 

2.2.3 Substructure Elements 

Substructure elements include columns, abutments, joints, and bearings.  These elements support 

the structure between spans, connect multiple spans, and allow controlled movement and load 

transfer between connected components and both ends of the bridge. AASHTO also provides 

four-level condition states for these elements. 
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2.3 Bridge Deck Evaluation Techniques 

Current bridge inspections heavily rely on manual observation and measurement of visible 

defects.  For subsurface defects, such as concrete delamination or reinforcing steel corrosion, 

NDE methods are used.  For concrete bridge decks, chain-dragging and hammer-sounding are 

commonly used to distinguish intact from delaminated concrete, but these techniques are labor-

intensive and subjective. Other NDE methods such as impact echo, ground penetrating radar 

(GPR), electrical resistivity, and infrared thermography exist for bridge deck assessment (Fig. 

2.1), but they are not common in routine inspections.  

(a) Impact Echo for Delamination Detection in Concrete 
Decks (Gucunski & Nazarian, 2010) 

(b) Use of GPR to Collect Data from Concrete Bridge 
Deck (Tarussov et al., 2013) 

(c) Electric Resistivity for Delamination Detection in Concrete Decks (Gucunski & Nazarian, 2010) 

(d) Infrared Thermography (Hiasa et al., 2016) 

Figure 2.1 – NDE Methods Used to Inspect Concrete Bridge Decks 
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The impact echo method (e.g., Gucunski & Nazarian, 2010) detects air pockets, cavities, or 

delamination in concrete bridge decks by generating acoustic waves in a frequency range of 5-40 

kHz. GPR (e.g., Tarussov et al., 2013; Dinh et al., 2016) uses electromagnetic waves to detect 

anomalies in concrete, such as delamination and corrosion of reinforcing steel bars. The 

ultrasonic surface wave method (e.g., Gucunski et al., 2012) detects concrete degradation 

utilizing two receivers, while the half-cell potential methodology identifies corrosion activity in 

steel reinforcement. Infrared thermography is another NDE method (e.g., Hiasa et al., 2016; 

Washer et al., 2010) employed to detect delamination in concrete structures by analyzing thermal 

radiation emitted by objects at temperatures above the absolute zero. Thermal cameras detect the 

heat emitted by the object and the reflective light from the object’s surroundings. Thermography 

sensors may be either cooled or uncooled, functioning in short to medium wavelengths or long 

wavelengths. 

RGB and thermal sensors can be attached to robots or drones to expediate and automate bridge 

data collections (Fig. 2.2). For example, La et al. (2015) developed a crawling robot that can 

collect RGB, GPR, electric resistivity, impact echo, and laser data of bridge decks. Charron et 

al. (2019) used an unmanned ground vehicle equipped with lidar, GPS, RGB and thermal sensors 

to scan the underside (soffit) of bridge decks. They generated 3D point clouds and colorized 

them using RGB and thermal images.  Furthermore, they created the RGB and thermal maps of 

bridges with reasonable accuracy. 

(b) Robot to Inspect Underside of Bridges (Charron 
(a) Bridge Deck NDE Robot (La et al., 2013) 

et al., 2019) 

Figure 2.2 – Use of Robots to Inspect Bridges 

For thermal image processing, more than ten computational methods have been developed in the 

literature to detect concrete delamination such as thermal contrast, thermal gradient, adaptive 

threshold, level-set method, and AI. Figure 2.3 shows analyses of a thermal image of a bridge 

deck using a few of these methods. The thermal contrast method has been widely used in past 

studies (e.g., Washer et al., 2010; Khan & Bartoli, 2015; Tran et al., 2018; Mac et al., 2019; Vyas 

et al., 2019; Robison et al., 2020; Kilic & Caner, 2021; Mac et al., 2021; Raja et al., 2021; Rocha 

et al., 2021; Zheng et al., 2021; and Pedram et al., 2022) to identify delaminated regions in the 

thermal images of bridge decks. Cheng and Shen (2020) utilized the level-set methodology for 

delamination detection in concrete specimens, exhibiting greater accuracy than the k-means 

clustering method. Grayscale values of thermal images were used to detect delaminated regions. 

Ichi and Dorafshan (2022) utilized adaptive thresholding and K-Nearest Neighbor (KNN) 
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clustering techniques to detect delamination in concrete bridge decks, which achieved an 

accuracy of 69%. They used commercial software to stitch thermal images in grayscale and used 

thermal intensities (not the actual deck temperature) for delamination analysis.  

(a) Original Thermal Image 

(b) Ground Truth 

(c) Adaptive Thresholding 

(d) K-Nearest Neighbor Clustering 

Figure 2.3 – Results of Different Thermal Data Analysis Methods for Bridge Decks (Ichi & Dorafshan, 2022) 

A few studies have tried AI techniques to detect concrete delamination in thermal images (Fig. 

2.4). For example, Cheng et al. (2020) implemented an encoder-decoder neural network using 

1,200 thermal images collected from lab specimens (concrete slab with artificial delamination) 

and reported an accuracy of 83.6% on the lab-based test dataset.  They further tested their trained 

model on actual bridge data using grayscale thermal imaging and achieved an accuracy of 51%.  

Pozzer et al. (2021) compared the performance of VGG16 (Simonyan & Zisserman, 2014) with 

MobileNetV2 (Sandler et al., 2018) for delamination detection using 517 thermal images with 

intensity value (grayscale instead of actual temperature) obtained from bridge sites and reported 

an intersection over union of 59.5% and 59.1% for VGG16 and MobileNetV2, respectively. Ta 

et al. (2025) utilized well-established deep learning models (e.g., YOLO, Faster RCNN, SSD) to 

detect delamination in laboratory specimens. They built 12 concrete specimens (each 56×44×7 

in.) with artificial delamination by placing nine polystyrene foams in the concrete slabs and 

obtained 12,000 thermal images after heating the specimens with halogen lamps, which is not 

feasible in the field for actual bridges. They also worked with thermal intensity but not the 

actual temperature. Even though they achieved an accuracy of 96%, the findings of this lab-

based study may not be viable in real-world cases due to variations exist in actual bridge 

conditions and sites. Furthermore, there is a lack of thermal image datasets from actual bridges, 

as pointed out in SDNET 2021 (Ichi & Dorafshan, 2022), which only includes thermal data of 

five bridges. 

10 



 

 

 
    

 

   

          

  

 

  

  

   

  

 

 

  

  

  

 

 

  

(a) Original Thermal Image (in Gray) with Ground Truth (in Color) 

(b) Predicted Delamination Map Using an AI Model 

Figure 2.4 – Results of Thermal Data Analysis Using an AI Model (Ichi & Dorafshan, 2024) 

Oh et al. (2012) compared the performance of the infrared thermography with the impact echo 

method for bridge decks and found a high accuracy for infrared thermography-based inspection 

compared with the chain-drag method and concrete coring. They manually stitched the thermal 

images together by placing the images side by side without any stitching algorithm or automation 

(Fig. 2.5a). Hiasa et al. (2016) mounted thermal cameras on a moving car to capture thermal 

images.  They used three different cooled and uncooled thermal cameras mounted on the vehicle 

and captured the images from specimens placed alongside the road. They also manually 

trimmed and combined the thermal images together to obtain a thermal map for the entire bridge 

deck (Fig. 2.5b). Omar et al. (2018) generated a thermal map of a bridge deck by manually 

cropping and then stitching successive thermal images (Fig. 2.5c) collected from a camera 

mounted on a car. They did not remove lens distortions from thermal images.  To obtain the 

delamination map from the thermal map, they employed K-means clustering method to segment 

thermal images. 
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(a) Thermal Images Placed Side by Side (Oh et al., 2012) 

(b) Thermal Image Stitching Proposed by Hiasa et al. (2016) 

(c) Thermal Map Generated Using Manual Method (Omar et al., 2018) 

Figure 2.5 – Current Methods of Generating Thermal Maps for Bridge Decks 

2.4 Computer Vision for Bridge Element Inspections 

With a widespread use of computer vision techniques, the bridge engineering community is 

exploring its applications in inspection tasks.  Matsumoto (2014) used line sensor camera and 

infrared thermography to detect bridge deck defects and delamination.  The framework (Fig. 2.6) 

for bridge inspection and repair consists of three phases. In Phase 1, the deck is scanned using 

video imagery. Phase 2 involves prioritizing the areas of the deck that are distressed, 

determining their condition state with a scale of 1 to 4, and planning necessary repairs or 

rehabilitation. In Phase 3, selected spans of the bridge are scanned from underneath to further 

assess and address the identified issues. 
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Figure 2.6 – Deck Damage Detection Framework Using Video and Infrared Imaging (Matsumoto et al., 2014) 

Won and Sim (2020) detected transverse cracks on bridge decks using optical sensors.  They 

used a three-dimensional (3D) (including height, width, and depth information) computer vision-

based localization and mapping technique by utilizing stereovision setup.  The proposed 

framework (Fig. 2.7) detects and localizes cracks in bridge decks by employing several 

innovative techniques. It utilizes multi-view image sequences with a Bag-of-Words 

representation, eliminating the need for traditional Global Positioning System (GPS) or odometer 

data for localization. For crack detection, the system uses crack hierarchy and circular 

histograms instead of conventional methods that rely on line segments and intensities. 

Additionally, it creates a comprehensive transverse crack dataset based on bespoke ontologies 

and schemas, covering the entire bridge deck. These advancements aimed at faster deployment 

and achieving higher accuracy in large-scale crack mapping and measurement. They collected a 

dataset of 2,638 image patches, consisting of 1,262 images of cracked areas and 1,376 images of 

uncracked (background) areas of bridges. Two classification approaches were applied to these 

patches, a conventional method and a crack pixel-based representation approach. A support 

vector machine (SVM) classifier with a radial basis function kernel was trained using the data, 

with parameters chosen empirically. Performance, evaluated via 10-fold cross-validation, 

showed that the conventional method achieved an accuracy of 87.2%, while the crack pixel-

based approach achieved a higher accuracy of 95.5%. The results indicate that the crack pixel 

and segment-based methods offer a more effective description and identification of cracks 

compared to the conventional approach. 
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Figure 2.7 – Computer Vision-based Localization and Mapping of Bridge Deck Cracks (Won & Sim, 2020) 

Perry et al. (2020) used Structure-from-Motion (SfM) to generate 3D reconstructed model of 

bridges and to identify target elements.  Then they used image processing techniques such as the 

black hat transform with the Canny edge detection to detect bridge defects. The black hat 

transform is a morphological operation used in image processing to highlight dark features on a 

bright background. Specifically, it emphasizes the portions of an image that are smaller than the 

structuring element used in the transform and darker than their surroundings. The authors also 

proposed a method to track growth of defects through image comparison (Fig. 2.8). 

Figure 2.8 – 3D Reconstruction and Defect Detection Framework (Perry et al., 2020) 
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Ali et al. (2021) used computer vision techniques with a faster region-based convolutional neural 

network (R-CNN) damage detection framework (Fig. 2.9) on data collected using drones for 

GPS denied locations to detect loosened bolts and steel corrosion. The process begins with 

identifying the structure to be inspected, followed by deploying an autonomous unmanned aerial 

vehicle (UAV) equipped with a proportional-integral-derivative (PID) controller for flight 

stability, an ultrasonic beacon system for precise positioning, and an action camera for capturing 

visual data. The data was transmitted in real-time using a real-time streaming protocol. A 

modified Faster R-CNN machine learning model, consisting of a Region Proposal Network 

(RPN), object proposals, and a Fast R-CNN, was employed for image analysis. The model 

identifies and highlights structural damage and the ground station processes and analyzes the 

collected data, completing the inspection process. This integration of robotics, computer vision, 

and machine learning enables efficient and safe autonomous inspection of structures. 

Figure 2.9 – Loosened Bolt and Corrosion Detection Framework (Ali et al., 2021) 

Comparing the performance of ZF-Net (Zeiler et al., 2014) and ResNet-101 within the 

autonomous structural inspection framework, Ali et al. (2021) found that ResNet-101 is more 

accurate. ZF-Net is an improved version of AlexNet with parameters that were visually 

examined by reconstructing the learned feature vectors using deconvolution and some other 

parameters (such as convolutional kernel) were tuned. For steel corrosion detection, ResNet-101 

achieved an average precision (AP) of 93.31% and a mean intersection-over-union (IoU) of 

90.44%, surpassing ZF-Net’s AP of 90.62% and IoU of 88.72%. In detecting steel cracks, 

ResNet-101 scored an AP of 93.07% and an IoU of 92.24%, whereas ZF-Net obtained an AP and 

IoU of 85.27%, each. For loosened bolts, ResNet-101 also excelled with an AP of 92.95% and 

an IoU of 93.79%, compared with the ZF-Net’s AP of 88.64% and IoU of 88.64%. The overall 

mean performance demonstrates that ResNet-101 had a higher mean AP (93.11%) and mean IoU 

(92.16%) compared with ZF-Net, which had a mean AP of 88.17% and a mean IoU of 87.54%. 

Tazarv et al. (2022) used computer vision techniques for inspection and condition assessment of 

reinforced concrete (RC) bridge columns after earthquakes to automatically determine their 

conditions.  They used deep learning based cascaded detection of deficiencies in their framework 

using Mask R-CNN.  This cascaded detection framework (Fig. 2.10) for column damage 

assessment begins with Stage 1, which detects columns in images. If columns are not detected, 

the user is prompted to find them manually. Once columns are identified, the process moves to 

Stage 2 for detecting longitudinal bars, followed by Stage 3 for detecting transverse bars. If both 

bars are detected, the system reports damage state 4 or 5. Stage 4 involves spalling detection; if 

spalling is found, it results in damage state 3 or 4. If not, it continues to Stage 5 for crack 

detection, leading to damage state 1 or 2. 
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Figure 2.10 – Post-Earthquake RC Column Damage Assessment Framework (Tazarv et al., 2022) 

The results of the study by Tazarv et al. (2022) indicate a high performance across all 

components. For columns, with 41 instances, the localization precision was 90.13% and its 

recall was 90.91%, while the segmentation precision was 88.90% and the recall was 89.23%. 

Spalled areas, with 72 instances, showed a localization precision of 95.28% and a recall of 

95.88%, with a segmentation precision at 93.97% and a recall at 88.71%. Transverse bars, with 

56 instances, had a localization precision and recall of 95.27% and 95.82%, respectively, and a 

segmentation precision and recall of 92.71% and 93.14%, respectively. Longitudinal bars, with 

31 instances, achieved a localization precision of 92.31% and a recall of 92.79%, and a 

segmentation precision of 91.83% and a recall of 92.17%. The average metrics across all 

components were 93.24% for the localization precision, 93.85% for the localization recall, 

91.10% for the segmentation precision, and 90.81% for the segmentation recall, demonstrating 

the system’s overall effectiveness in the post-earthquake RC column deficiency detection. 

Dunphy et al. (2022) developed a multiclass damage detection framework for concrete structures 

(Fig. 2.11) using a combination of Generative Adversarial Networks (GANs) and CNNs. It 

begins with a multiclass image database of various concrete conditions, such as undamaged, 

cracked, construction joint, pitting, and spalling. The database was split into labeled and 

unlabeled datasets. GAN training was performed on unlabeled data, producing a trained 
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generator and discriminator network. The trained discriminator was then used for transfer 

learning to initialize the weights and biases of CNN. This CNN was further trained using the 

labeled data. Finally, hyper-training was applied to the fully connected layers of CNN to 

optimize it for image classification tasks, leading to accurate identification of different types of 

concrete damage. 

Figure 2.11 – GAN-based Transfer Learning Damage Detection Framework (Dunphy et al., 2022) 

Jiang et al. (2023) developed a framework (Fig. 2.12) using object detection models to identify 

steel bolts and nuts, as well as their conditions, including corrosion and tightness. The proposed 

method for automatic bridge bolt inspection was a vision-based system leveraging image 

processing and deep learning algorithms with images captured by UAV. It consisted of three 

main components: bolt image acquisition, data preprocessing, and bolt damage identification. 

The image acquisition phase involved using a modified UAV to capture images of bolts from 

various angles, including the bridge’s sides, bottom, and cable clamps. Data preprocessing 

addressed two key issues: image motion blur due to the UAV’s high speed and variations in bolt 
pixel size caused by differing object distances. To tackle these, an image motion deblurring 

method using inverse filtering and optical flow was employed to correct motion blur, and an 

adaptive scale segmentation method with multi-scale template matching and Enhanced Super-

Resolution Generative Adversarial Networks (ESRGAN) ensured uniform bolt image sizes of 

240 × 240 pixels. Finally, a two-stage bolt damage identification process was used to detect and 

classify bolt conditions. YOLOv5 network was utilized for bolt detection and segmentation, 

while EfficientNet classified the bolts into categories such as normal, corroded, or loose. This 
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method showed high accuracy. For blurred images, it achieved an accuracy of 98.6% with 102 

true positives (TP), 36 true negatives (TN), 2 false positives (FP), and no false negatives (FN). 

For non-blurred images, it attained a 99.6% accuracy with 169 TP, 96 TN, 1 FP, and no FN. The 

second method, combining preprocessing with a single network, had a lower accuracy of 82.9% 

for the blurred images (91 TP, 25 TN, 15 FP, 9 FN) and 88.4% for the non-blurred images (150 

TP, 86 TN, 19 FP, 11 FN). The third method, using only a single network, had the lowest 

accuracy, 65.5% for the blurred images (79 TP, 18 TN, 29 FP, 22 FN) and 83.5% for the non-

blurred images (143 TP, 79 TN, 27 FP, 17 FN). 

Figure 2.12 – Bolt Detection and Damage Identification Framework (Jiang et al., 2023) 

Jiang et al. (2023) proposed a three-stage framework for bridge condition assessment and 

damage localization using UAV collected data as shown in Fig. 2.13. The authors used the 

YOLOv3 object detection network to detect several types of damage such as cracks, corrosion, 

and spalling. During data collection, the authors also used visual simultaneous localization and 

mapping (VSLAM) techniques to localize each damage on bridges by retrieving camera pose 

with respect to reference world coordinates (Fig. 2.14). To achieve this, the authors used stereo-

inertial SLAM that used VSLAM with Inertial Measurement Unit (IMU) sensor fusion to 

increase the robustness of the system. Integration of IMU with VSLAM made the process more 

robust because of a better estimation of the camera poses for each image. 
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Figure 2.13 – Damage Detection and Localization Framework (Jiang et al., 2023) 

Figure 2.14 – A Damage Localization Technique by Jiang et al. (2023) 

Their framework was tested on a long-span river bridge, offering a more rigorous evaluation 

environment than standard indoor tests due to factors like strong winds and a large detection 

area. Manual identification of UAV video images served as the ground truth for assessing the 

proposed real-time damage detection method. The results revealed a classification accuracy of 

92.8% and an IoU of 80.7% between manually labeled and real-time detected damage. 

Kao et al. (2023) proposed a framework to extract and quantify cracks in bridges using UAV 

images and deep learning-based object detection models (Fig. 2.15). They used planar markers 

to retrieve scales of images then cracks.  To retrieve the crack boundaries, the authors used a 

local thresholding method to create a binarized image.  Following that, the authors employed a 

crack width measurement technique in reference to the planar marker.  Their YOLOv4 deep 

learning model was trained for crack detection and achieved an accuracy of 92%. This model 

performed well in identifying cracks even in images with uneven lighting and complex 

backgrounds. The study also demonstrated that the overall crack measurement accuracy 

exceeded 0.22 mm. Two edge detection methods evaluated in the study showed similar 

performance; however, the Canny edge detector’s results varied with different thresholds, 

leading to greater discrepancies between measured and actual crack widths. In contrast, the 

morphological edge detector, which does not rely on thresholds, provided crack edges more 

consistent with the true dimensions. 
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Figure 2.15 – Crack Detection and Quantification Framework (Kao et al., 2023) 

Mirzazade et al. (2023) used a 3D reconstruction approach (Fig. 2.16) using SfM to detect and 

segment bridge damages based on U-Net, a popular deep learning model for semantic 

segmentation.  As discussed earlier, SfM is a computer vision technique that reconstructs 3D 

structures from 2D image (only width and height) sequences taken from different viewpoints. It 

estimates camera positions and the 3D coordinates of scene points by analyzing the motion and 

structure captured in the overlapping images. They also collected Light Detection and Ranging 

(lidar) scans of structures to verify the integrity of the 3D reconstruction using SfM. 
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Figure 2.16 – 3D Reconstruction and Crack Detection Framework (Mirzazade et al., 2023) 

Overall, the literature indicates that computer vision is a viable technique to detect and quantify 

many of bridge defects using a variety of imaging methods such as RGB, thermal, and lidar.  

These capabilities can be further expanded when paired with drone-based data collection, which 

improves coverage, efficiency, and access to hard-to-reach components. 
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CHAPTER 3 – QUANTITATIVE CONDITION STATES FOR SELECT 
BRIDGE ELEMENTS 

3.1 Introduction 

The AASHTO Manual for Bridge Elements Inspection (MBEI, 2019) provides four-level 

condition states for bridge elements.  Other federal and state guidelines exist; however, most 

transportation agencies are moving toward using the AASHTO manual for consistency and 

reporting to the federal government. 

As discussed in the previous chapters, this study is focused on concrete bridge decks and steel 

girders and how their defect detection and reporting can be expediated using new technologies.  

In this chapter, the AASHTO specified condition states for concrete decks and steel girders are 

presented first then their definitions are modified to be quantitative best suited for computer 

programming.   

3.2 AASHTO Condition States for Concrete Decks 

Table 3.1 presents different damage types seen for concrete bridge decks and includes their four-

state condition definitions.  Except delamination, other deck defects are on the surface and 

visible.  Nevertheless, concrete delamination is a subsurface damage, which can only be detected 

using a nondestructive method or concrete removal.  Delamination is a state of separation of 

layers within concrete and may lead to a loss of structural integrity for bridge decks and an 

increase in maintenance costs. 

Table 3.1 – AASHTO Condition States for Concrete Decks (AASHTO MBEI, 2019) 

Defects 
CS 1 CS 2 CS 3 CS 4 

Good Fair Poor Severe 

Delamination/ Spall/ 

Patched Area (1080) 
None. 

Delaminated. Spall 1in. or 

less deep or 6in. or less in 

diameter. Patched area that is 

sound. 

Spall greater than 1in. deep or 

greater than 6in. diameter. 

Patched area that is unsound or 

showing distress. Does not 

warrant structural review. 

The condition 

warrants a 

structural review 

to determine the 

effect on 

strength or 

serviceability of 

the element or 

bridge; OR a 

structural review 

has been 

completed and 

the defects 

impact strength 

or serviceability 

of the element or 

bridge. 

Exposed Rebar 

(1090) 
None. 

Present without measurable 

section loss. 

Present with measurable 

section loss but does not 

warrant structural review. 

Efflorescence/ Rust 

Staining (1120) 
None. 

Surface white without build-

up or leaching without rust 

staining. 

Heavy build-up with rust 

staining. 

Cracking (RC) 

(1130) 

Insignificant 

cracks or 

moderate width 

cracks that have 

been sealed. 

Unsealed moderate width 

cracks or unsealed moderate 

pattern (map) cracking. 

Wide cracks or heavy pattern 

(map) cracking. 

Abrasion/ Wear 

(PSC/RC) (1190) 

No abrasion or 

wearing. 

Abrasion or wearing has 

exposed coarse aggregate 

but the aggregate remains 

secure in the concrete. 

Coarse aggregate is loose or 

has popped out of the concrete 

matrix due to abrasion or wear. 
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It is clear that the AASHTO definitions of condition states for concrete decks are mostly 

qualitative with no specific definitions for condition state 4.  Alternative and measurable 

definitions are required, which can be used in computer programming. 

3.3 Proposed Condition States for Concrete Decks 

As discussed above, any defects that are expected to be found using computer tools need to be 

quantitative not qualitative.  To this end, Table 3.2 presents alternative definitions of condition 

states for concrete decks specifically for delamination, spalling, and patching.  The new 

definitions are measurable and programmable.  Furthermore, to minimize variations from 

AASHTO, the proposed definitions are kept at four levels.  Very small delaminated regions are 

usually hard to find in practice, thus a limit of 7 in2 (45 cm2) was proposed for CS-1, which is 

indeed insignificant compared with the area of bridge decks. The proposed area for CS-2 

follows that of the AASHTO manual at this level.  Based on the inspection of more than 50 

bridges with experienced inspectors, the research team noticed that a 12 in. (30 cm) by 12 in. (30 

cm) area was the smallest region inspectors annotated as delamination.  With a 30% reduction, 

the research team proposed a cap of 110 in2 (710 cm 2) in CS-3. Any area greater than that is 

marked as CS-4. For cracking, due to lack of specifications, the proposed crack length for each 

condition state was based on an equivalent perimeter of its corresponding area for delamination.  

It is understood that these limits are subjective; however, the user of the inspection software (Ch. 

8) can adjust them as needed. 

Furthermore, compared with the AASHTO definitions, some parameters, such as the depth of 

defects, were excluded in the new definitions since they are challenging to estimate using 

computer vision techniques.  For example, there are usually large errors in the direction 

perpendicular to the plane of view of cameras thus the depth estimate is less accurate using 

computer vision methods.  Note that other types of defects were not quantified herein since they 

were beyond the scope of this project.   

Table 3.2 – Proposed Condition States for Delamination, Spalling, Patching, and Cracking in Concrete Decks 

Defects 
CS 1 CS 2 CS 3 CS 4 

Good Fair Poor Severe 

Delamination, Spall, 

or Patched Area 

(1080) 

Delaminated area is 

less than or equal to 

7 in2 (45 cm2) 

Delaminated area is 

greater than 7 in2 (45 

cm2) but less than 30 in2 

(195 cm2) 

Delaminated area is 

greater than 30 in2 (195 

cm2) but less than 110 

in2 (710 cm2) 

Delaminated area is 

greater than 110 in2 

(710 cm2) 

Cracking (RC) 

(1130) 

Crack length is less 

than 10 in. (25.4 cm) 

Crack length is greater 

than 10 in. (25.4 cm) but 

less than 20 in. (50.8 cm) 

Crack length is greater 

than 20 in. (50.8 cm) but 

less than 40 in. (101.6 

cm) 

Crack length is 

greater than 40 in. 

(101.6 cm) 
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3.4 AASHTO Condition States for Steel Girders 

Table 3.3 presents different damage types seen for steel elements and includes their four-state 

condition definitions.  Except scour, other defects are usually present on steel girders. Table 3.4 

presents the condition states for the steel protective coating. 

Table 3.3 – AASHTO Condition States for Steel Elements (AASHTO MBEI, 2019) 

Defects 
CS 1 CS 2 CS 3 CS 4 

Good Fair Poor Severe 

Corrosion (1000) None. 

Freckled rust. 

Corrosion of the steel 

has initiated. 

Section loss is evident, or pack 

rust is present but does not 

warrant structural review. 

The condition 

warrants a 

structural review to 

determine the 

effect on strength 

or serviceability of 

the element or 

bridge; OR a 

structural review 

has been 

completed and the 

defects impact 

strength or 

serviceability of 

the element or 

bridge. 

Cracking (1010) None. 

Crack that has self-

arrested or has been 

arrested with 

effective arrest holes, 

doubling plates, or 

similar. 

Identified crack that is not 

arrested but does not warrant 

structural review. 

Connection 

(1020) 

Connection is in 

place and functioning 

as intended. 

Loose fasteners or 

pack rust without 

distortion is present 

but the connection is 

in place and 

functioning as 

intended. 

Missing bolts, rivets, or 

fasteners; broken welds; or pack 

rust with distortion but does not 

warrant a structural review. 

Distortion (1900) None. 

Distortion not 

requiring mitigation 

or mitigated 

distortion. 

Distortion that requires 

mitigation that has not been 

addressed but does not warrant 

structural review. 

Settlement (4000) None. 

Exists within 

tolerable limits or 

arrested with no 

observed structural 

distress. 

Exceeds tolerable limits but does 

not warrant structural review. 

Scour (6000) None. 

Exists within 

tolerable limits or 

has been arrested 

with effective 

countermeasures. 

Exceeds tolerable limits but is 

less than the critical limits 

determined by scour evaluation 

and does not warrant structural 

review. 

Damage (7000) Not applicable. 

The element has 

impact damage. The 

specific damage 

caused by the impact 

has been captured in 

CS 2 under the 

appropriate material 

defect entry. 

The element has impact damage. 

The specific damage caused by 

the impact has been captured in 

CS 3 under the appropriate 

material defect entry. 

The element has 

impact damage. 

The specific 

damage caused by 

the impact has 

been captured in 

CS 4 under the 

appropriate 

material defect 

entry. 
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Table 3.4 – AASHTO Condition States for Steel Protective Coating (AASHTO MBEI, 2019) 

Defects 
CS 1 CS 2 CS 3 CS 4 

Good Fair Poor Severe 

Chalking (Steel Protective 

Coatings) (3410) 
None. Surface dulling. Loss of pigment. Not applicable. 

Peeling/Bubbling/Cracking 

(Steel Protective Coatings) 

(3420) 

None. Finish coats only. Finish and primer coats. 
Exposure of 

bare metal. 

Oxide Film Degradation 

Color/Texture Adherence 

(Steel Protective Coatings) 

(3430) 

Yellow-orange or 

light brown for 

early development. 

Chocolate-brown 

to purple-brown 

for fully 

developed. Tightly 

adhered, capable of 

withstanding 

hammering or 

vigorous wire 

brushing. 

Granular texture. 
Small flakes, less than 1/2-in. 

diameter. 

Dark black 

color. Large 

flakes, 1/2-in. 

diameter or 

greater, or 

laminar sheets or 

nodules 

Effectiveness (Steel 

Protective Coatings) 

(3440) 

Fully effective. 
Substantially 

effective. 
Limited effectiveness. 

Failed; no 

protection of the 

underlying 

metal. 

Damage (7000) Not applicable. 

The element has 

impact damage. 

The specific 

damage caused by 

the impact has 

been captured in 

Condition State 2 

under the 

appropriate 

material defect 

entry. 

The element has impact 

damage. The specific damage 

caused by the impact has been 

captured in Condition State 3 

under the appropriate material 

defect entry. 

The element 

has impact 

damage. The 

specific damage 

caused by the 

impact has been 

captured in 

Condition State 

4 under the 

appropriate 

material defect 

entry. 

Again, it is clear that the AASHTO definitions of condition states for steel girders are mostly 

qualitative with no specific definitions for condition state 4.  Alternative and measurable 

definitions are required for computer programming. 
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3.5 Proposed Condition States for Steel Girders 

As discussed in the previous section, the AASHTO based condition states are qualitative. For 

implementation of these condition states using computer vision tools, quantitative values for four 

condition states of different defects are needed. Table 3.5 presents the proposed condition 

classification for steel girders.  In this study, a defect with an area equal to or smaller than 0.3% 

of the total surface area of the girder was selected as CS-1. For CS-2, the area of defects has a 

range of 0.3 to 3% of the girder’s total surface area. For CS-3, the area of defects has a range of 

3 to 16% of the girder total surface area. If the area of the defect is more than 16% of the 

girder’s total surface area, then it falls under the category of CS-4. 

These proposed condition states for steel girders were selected based on a report by Bowman et 

al. (2022).  Note that the crack in steel girders is very critical.  A small crack can lead to a 

catastrophic failure.  A fracture critical member inspection may be carried out to inspect the 

critical girders, and appropriate measures should be taken to ensure safety of steel bridges.  Ohio 

DOT (2014) recommends a CS of 2 for crack lengths up to 2 in., and Wisconsin DOT (2024) 

proposes a CS of 4 for crack lengths greater than 3 in.  

Table 3.5 – Proposed Condition States for Steel Girders 

Defects 
CS 1 CS 2 CS 3 CS 4 

Good Fair Poor Severe 

Corrosion/Paint 

loss (1000) 

Corrosion/paint loss 

less than 0.3% of 

total surface area of 

the girder 

Corrosion/paint loss 

greater than 0.3% and less 

than 3% 

Corrosion/paint loss 

greater than 3% and less 

than 16% 

Corrosion/paint loss 

greater than 16% 

Cracking (1010) 
Crack length less 

than 0.25 in. 

Crack length greater than 

0.25 in. but less than 2 in. 

Crack length greater than 

2 in. but less than 3 in. 

Crack length greater 

than 3 in. 

Chalking (Steel 

Protective 

Coatings) (3410) 

Chalking less than 

0.3% of total surface 

area of the girder 

Chalking loss greater than 

0.3% and less than 3% 

Chalking greater than 

3% and less than 16% 

Chalking greater than 

16% 

Peeling/Bubbling 

(Steel Protective 

Coatings) (3420) 

Peeling/Bubbling less 

than 0.3% of total 

surface area of the 

girder 

Peeling/Bubbling greater 

than 0.3% and less than 

3% 

Peeling/Bubbling greater 

than 3% and less than 

16% 

Peeling/Bubbling 

greater than 16% 
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CHAPTER 4 – BRIDGE DECK AND STEEL GIRDER INSPECTION 
DATASETS 

4.1 Introduction 

Large data is needed for successful training of neural networks that are sufficiently accurate in 

performing the desired tasks.  For example, if crack detection in images is desired, thousands and 

sometimes millions of images with and without cracks are required.  Most civil engineering 

related deep learning studies do not have access to such large data; however, data augmentation 

approaches and pre-trained networks can be utilized to overcome such data scarcity. A handful 

of datasets targeting specific bridge elements have been compiled in some recent studies.  These 

datasets include mono-modality, such as Red-Green-Blue (RGB) images or thermal images, and 

multimodality such as RGB and thermal images combined.  In this chapter, a few key past 

studies collecting bridge related data are reviewed first.  Subsequently, the inspection data 

collected in the present study is discussed. 

4.2 Existing Image Datasets 

There are several existing datasets specific to bridge health assessments including bridge 

elements such as columns, decks, and overlays.  Table 4.1 presents a summary of past studies 

related to image datasets. Specifically designed for crack detection on concrete surfaces, the 

CrackForest dataset by Shi et al. (2016) includes annotated images of cracks on various concrete 

structures, including bridges.  A derivative of the Common Objects in Context (COCO) dataset 

by Bianchi et al. (2020), was tailored for bridge inspection tasks, which includes annotated 

images of bridges highlighting various structural elements and potential defects. Dorafshan et al. 

(2021) provided a dataset containing images of concrete surfaces, including bridges, annotated 

for different types of defects such as cracks and spalling.  The Road Damage Detection (RDD) 

dataset by Arya et al. (2022) is mostly for pavement defects but it also includes images of bridge 

decks.  

Table 4.1 – Summary of Past Studies on Bridge Related Image Datasets 

Reference Dataset Categories Data Type Size Application 

Shi et al. 

(2016) 
CrackForest Cracks RGB Image 10,000 

Detect and analyze cracks on the road 

surface 

Zhang et al. 

(2016) 
CCIC Cracks RGB Image 40,000 Detect cracks on concrete surfaces 

Rubio et al. 

(2019) 
--

Exposed Rebar, 

Delamination 
RGB Images 734 

Detect and quantify exposed rebars and 

delamination 

Zou et al. 

(2019) 
DeepCrack Cracks RGB Image 35,100 Detect fine cracks on various road surfaces 

Bianchi et al. 

(2020) 

COCO Bridge 

Damage 

Bearing, Cover-plates, 

Gusset-plates, Stiffeners 
RGB Image 774 

Detect bearing, cover-plate, gusset-plate, 

stiffeners and evaluate their conditions 

Dorafsan et al. 

(2021) 
SDNET2021 Delamination 

Infrared, Impact 

Echo, Ground 

Penetrating Radar 

936 
Detect delamination and reinforcement 

corrosion 

Arya et al. 

(2022) 
RDD2022 Cracks and Potholes RGB Image 47,420 

Detect and classify road damage types, 

such as cracks, potholes, and surface wear 

Tazarv et al. 

(2022) 

RC Column 

Damage 

Cracks, Spalling, 

Exposed Rebars 
RGB Image 3,036 

Detect post-earthquake damages of RC 

bridge columns and determine their 

damage states 
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The available datasets do not explicitly include deck delamination and steel girder defect data, 

which is crucial for training and validating models in the present study. Furthermore, the current 

datasets lack thermal image data, which can be used for identifying internal defects like 

delamination.  

Thermal imaging provides a unique perspective by highlighting temperature variations that may 

indicate underlying structural issues.  For instance, delaminated areas often exhibit different 

thermal properties compared to intact regions, making thermal images a powerful tool for 

nondestructive evaluation (NDE). Further, the existing datasets do not include annotations from 

experts, such as the Department of Transportation (DOT) inspectors, for delamination to be used 

as ground truth. Expert annotations are essential for creating reliable and accurate training 

datasets. Inspector annotations serve as the benchmark for evaluating the performance of models 

and ensuring that the models are learning to identify defects correctly. 

In summary, collecting new bridge inspection data was essential in the present study due to the 

abovementioned limitations in the existing datasets (lacking inspector annotated delamination 

data, steel girder defect data, and thermal data). 

4.3 New Image Datasets for Concrete Bridge Decks 

To collect new data for bridge decks, the research team accompanied by inspectors from the 

South Dakota Department of Transportation (SDDOT) inspected more than 50 bridges in South 

Dakota in the summers of 2023 and 2024.  The inspectors used the chain-drag method, an NDE 

technique, to evaluate bridge decks for delamination and annotated them with paints.  The 

research team then collected RGB images using digital single-lens reflex (DSLR) cameras, 

iPhone 14 Pro, and DJI drones (Matrice 200, and Mavic 3T) before and after the annotations.  

Furthermore, PolyCam, a mobile application utilizing iPhone lidar camera, was used to scan the 

bride decks to record three-dimensional (3D) meshes of bridge decks. 

RGB images taken by iPhone 14 Pro had a resolution of 8064 by 6048 pixels.  Further, the RGB 

images obtain by the DJI Mavic 3T and the DSLR camera had a resolution of 4000 by 3000 and 

4608 by 3456 pixels, respectively.  The images taken by the drones were taken approximately at 

a height of 10 ft (3 meters) from the deck surface.  For the images taken by the other cameras, 

the height varied between 3 to 6 ft (1 to 2 meters).  Figure 4.1 shows the data collection for 

iPhone-based lidar, and drone based RGB and thermal data.  Figure 4.2 shows a few sample 

images from each of these devices.  More than 13,000 RGB and 2,000 thermal images were 

gathered from 50 bridges.  Furthermore, the deck of 18 bridges with delamination were lidar 

scanned and data was processed per bridge.  Additional inspection data was also provided by 

DOF&PF and was used in the AI model training. 

PolyCam utilizes the integration of lidar data and photogrammetry to enhance the precision and 

detail of 3D models generated using iPhones/iPads that are equipped with lidar sensors, such as 

the iPhone 12 Pro and subsequent models.  The process initiates with the iPhone’s lidar sensor, 

which emits light pulses to measure the time taken for the reflections to return from various 

objects, thereby generating a highly accurate depth map of the scene.  Concurrently, users 

capture multiple images or videos of the object or scene from various angles using the iPhone’s 

camera.  Photogrammetry algorithms subsequently analyze these visual inputs to discern the 
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structural, textural, and detailed attributes of the scene.  The integrated data then undergoes 

further processing to produce a coherent 3D model (point cloud) of the target object. 

Figure 4.1 – Data Collection using iPhone’s Lidar and Drone’s Thermal and RGB Cameras 
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(a) DSLR Camera 

(b) iPhone 14 Pro 

(c) DJI Mavic 3T (RGB) 

(d) DJI Mavic 3T (Thermal) 

Figure 4.2 – Sample RGB and Thermal Images from Various Devices Including Inspector Annotations 
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4.4 New Image Dataset for Bridge Steel Girders 

For steel girders, images were collected using handheld cameras and drones (e.g., Fig. 4.3). 

More than 6,700 images of steel girders were collected.  Note that most of the observed defects 

in steel girders were the loss of protective paints. 

Figure 4.3 – Sample RGB Images for Steel Girders 
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CHAPTER 5 – RGB BASED AI DELAMINATION DETECTION 

5.1 Introduction 

Computer vision based civil infrastructure inspection tools have been developed over the years to 

automate bridge inspection tasks such as detection of cracks, spalling, and bar corrosion (Koch 

et. al., 2015).  Some studies were focused on a specific damage type (e.g., crack detection of 

bridge components, Prasanna et al., 2012) and a few explored multiple deficiencies (e.g., Oh et 

al., 2009; Lee et al., 2014) to produce more general inspection tools.  The recent advancement in 

image processing and deep learning provides new pathways to design and deploy cost effective 

and efficient inspection tools than conventional inspections, which are mostly manual.  

Especially, solving computer vision tasks using deep convolutional neural networks (DCNN) has 

gained superior traction in recent years.  

In the present project, the research team developed a computer vision based bridge defect 

detection and condition state estimation software (Br.CVIT, discussed later in Ch. 8) that was 

focused on delamination of concrete bridge decks and paint loss of steel girders. The present 

chapter discusses the development of delamination detection tools from deck RGB maps (formed 

from either the smartphone’s lidar data or drone’s RGB data), Ch. 6 presents the proposed 

methods and techniques of delamination detection from deck thermal maps (formed from drone’s 

RGB-thermal data), and Ch. 7 offers a human-in-the-loop method of defect quantification for 

steel girders. 

5.2 Three Pipelines for Bridge Deck Condition Assessments 

Figure 5.1 shows a high-level architecture of the software for bridge decks, which has several 

interconnected modules to allow data collection and analyses using different devices and 

methods. The three main pipelines for bridge deck condition assessments include lidar-based 

inspection, RGB-based inspection, and thermal-based inspection.  

In the lidar-based method, 3D point-cloud maps of bridge decks are obtained using iPhone/iPad’s 

lidar camera.  The point-cloud data is then run through the software to generate a 2D map of 

bride decks. The software then detects local defects (delamination) using a trained neural 

network and pinpoints the damage on the global map of bridge decks. 

In the RGB-based method, RGB images can be acquired using different sources (hand-held 

cameras, smartphones’/tablets’ cameras, or cameras on drones). However, a drone-based data 

collection is recommended and built-in to develop a full 2D map of bridge decks.  Subsequently, 

a deep learning model trained on a large image dataset is used to detect inspector annotated 

delamination.  

The third pipeline was developed to generate 2D thermal maps of bridge decks using drone-

based thermal imaging then another deep learning model detected the deck delamination in 

thermal maps.  

The findings of all pipelines are then quantified based on the proposed damage state definitions 

discussed in Ch. 3 (as default values, user can change them) and a report is generated with 

standard outputs and formats. 
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Figure 5.1 – Proposed Computer Vision Framework for Delamination Detection of Bridge Decks 

In the following sections, a brief background of computer vision methods and techniques that are 

needed in the present study is discussed first.  Developed in the present project, bridge deck RGB 

map generation using smartphones’ lidar sensors and drones’ RGB cameras is discussed next.  

The subsequent sections of the chapter discuss the development of the AI models and their 

accuracies. 

5.3 Computer Vision Background 

5.3.1 Deep Convolutional Neural Networks (DCNNs) 

DCNNs, often simply referred to as convolutional neural networks (CNNs), have revolutionized 

the field of computer vision and become the cornerstone of many modern image recognition and 

processing systems.  DCNNs are often used as latent feature extractors that are more robust than 

handcrafted filters for feature extraction. Convolutional layers in deep networks can learn 

hierarchical features from low-level edges to high-level object parts. This multi-scale feature 

extraction is crucial for semantic segmentation, as it helps in identifying both small and large 

objects in an image. Architectures like U-Net (Ronnenberger et al., 2015) use encoder-decoder 

structures to capture fine-grained details. The encoder compresses the image into a lower-

dimensional feature space, and the decoder reconstructs the spatial details from these features. 

This section provides details on the building blocks of encoders in deep convolutional networks. 

The concept of convolutional networks dates to the late 1980s and early 1990s with the work of 

LeCun et al. (1989), who developed the LeNet architecture for handwritten digit recognition 

(LeCun et al., 1998).  However, the true potential of CNNs was realized in 2012 when 

Krizhevsky et al. (2012) introduced the AlexNet architecture, which significantly outperformed 

previous methods in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC).  This 

breakthrough demonstrated the power of deep learning and large-scale datasets, sparking 

widespread interest and research in the area. 
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Convolutional layers are the fundamental building blocks of CNNs, designed to process grid-like 

data such as images.  The primary function of a convolutional layer is to detect local patterns 

within an image, such as edges, textures, or more complex features, by applying a set of 

learnable filters (also known as kernels) across the input data. 

Each filter in a convolutional layer slide over the input image to perform a dot product between 

the filter’s weights and a local region of the input image.  This operation is mathematically 

expressed as: 

(𝑋 ∗ 𝑊)𝑖,𝑗 = ∑ ∑ 𝑋𝑖+𝑚,𝑗+𝑛𝑊𝑚,𝑛 + 𝑏 (5.1) 
𝑚 𝑛 

where, X represents the input image, W denotes the filter, i and j are the coordinates of the output 

feature map, m and n iterate over the filter dimensions, and b is the bias term.  The result of this 

dot product is a single value that forms part of the output feature map, capturing the presence of 

the pattern encoded by the filter at that specific location. 

The convolution operation is repeated as the filter moves across the entire input image, 

producing a 2D activation map (feature map) for each filter.  The depth of the output from a 

convolutional layer is determined by the number of filters used, with each filter detecting 

different features within the image. 

Pooling layers, typically placed after convolutional layers, are used to reduce the spatial 

dimensions of the feature maps while retaining the most important information.  This process, 

known as downsampling or subsampling, helps to decrease the computational load, memory 

usage, and overfitting. 

A common type of pooling operation is max pooling, which selects the maximum value within a 

defined window of the input feature map.  The mathematical operation for max pooling can be 

described as: 

𝑌𝑖,𝑗 = max (𝑋𝑠⋅𝑖+𝑚,𝑠⋅𝑗+𝑛) (5.2)
0≤𝑚<𝑝,0≤𝑛<𝑞 

where 𝑌𝑖,𝑗 is the output of the pooling layer, 𝑋 is the input feature map, 𝑝 × 𝑞 is the size of the 

pooling window and 𝑠 is the stride, indicating the step size with which the pooling window 

moves across the input feature map. 

Convolutional and pooling layers work together in CNNs to progressively abstract higher-level 

features from the raw input image.  Initially, convolutional layers capture low-level features such 

as edges and textures.  As the data passes through multiple layers of convolutions and pooling, 

the network learns increasingly complex features, ultimately leading to high-level 

representations that are useful for tasks such as classification, detection, and segmentation. 

For example, after the initial convolutional and pooling layers have processed an image of a cat, 

the network might detect edges and textures corresponding to fur patterns and contours.  Deeper 

layers could then recognize parts of the cat such as ears, eyes, and whiskers.  Finally, the fully 

connected layers use these high-level features to make a prediction about the presence of a cat in 

the image. 
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In conclusion, convolutional layers identify local patterns through learnable filter-based 

operations, while pooling layers reduce spatial dimensions and retain important information.  

Together, they enable CNNs to build hierarchical feature representations that are essential for 

effectively analyzing and interpreting image data. 

5.3.2 Semantic Segmentation of Images 

Semantic segmentation is a computer vision task that involves partitioning an image into 

semantically meaningful regions, with each pixel assigned a class label corresponding to the 

object or region it represents.  This task is crucial for understanding the detailed structure and 

composition of images, making it essential for applications in autonomous driving, medical 

imaging, and scene understanding. 

Semantic segmentation goes beyond traditional image classification and object detection by 

providing a dense prediction, where every pixel in an image is labeled.  The goal is to create a 

precise and comprehensive map of the objects and regions within an image. 

The introduction of fully convolutional networks (FCNs) by Long et al. (2015) marked a 

significant advancement in semantic segmentation.  FCNs replace the fully connected layers of 

traditional CNNs with convolutional layers that produce spatial outputs, enabling end-to-end 

learning and prediction of segmentation masks. 

In a fully convolutional network, the input image 𝑋 is processed through several convolutional 

and pooling layers, resulting in a feature map. Let 𝑓(𝑋, 𝑊) represent the output of the network 

given the input 𝑋 and parameters 𝑊. For semantic segmentation, the output is a dense prediction 

with the same spatial dimensions as the input image but with a depth corresponding to the 

number of classes.  Mathematically, the output feature map 𝑓(𝑋, 𝑊) can be expressed as: 

𝑓(𝑋: 𝑊) = 𝐶𝑜𝑛𝑣𝑛(𝑃𝑜𝑜𝑙𝑛−1(… 𝐶𝑜𝑛𝑣2(𝑃𝑜𝑜𝑙1(𝐶𝑜𝑛𝑣1(𝑋1, 𝑊1), 𝑊2), . . . ), 𝑊𝑛)) (5.3) 

where, 𝐶𝑜𝑛𝑣𝑖 and 𝑃𝑜𝑜𝑙𝑖 denote the convolutional and pooling layers at the i-th stage, 

respectively, and 𝑊𝑖 represents the weights of the i-th convolutional layer. 

To obtain pixel-level predictions, the spatial resolution of the feature maps needs to be restored 

to match the input image.  This is achieved using upsampling techniques such as deconvolution 

(transposed convolution) or bilinear interpolation.  The deconvolution operation can be 

mathematically represented as: 

𝑌𝑖,𝑗 = ∑ ∑ 𝑋 𝑖+𝑚 𝑗+𝑛 𝑊𝑚,𝑛 (5.4)⌊ ⌋,⌊ ⌋
𝑠 𝑠 

𝑚 𝑛 

where, Y is the upsampled output, X is the input feature map, W is the filter, s is the stride, and m 

and n iterate over the filter dimensions. 

In practice, upsampling layers are combined with skip connections from earlier layers in the 

network to refine the segmentation results and recover spatial details lost during downsampling.  

This approach is exemplified in architectures like U-Net (Ronneberger et al., 2015), which uses 
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symmetric downsampling and upsampling paths with skip connections to merge high-resolution 

features from the encoder with upsampled features in the decoder. 

Training a semantic segmentation model involves minimizing a loss function that measures the 

discrepancy between the predicted segmentation map and the ground truth.  A common choice is 

a pixel-wise cross-entropy loss, defined as: 

= −∑∑𝑡𝑖,𝑗,𝑐 log(𝑝𝑖,𝑗,𝑐)ℒ𝐶𝐸 (5.5) 
𝑖,𝑗 𝑐 

where, 𝑡𝑖,𝑗,𝑐 is the ground truth binary indicator for class 𝑐 at pixel (𝑖, 𝑗), and 𝑝𝑖,𝑗,𝑐 is the 

predicted probability for class 𝑐 at pixel (𝑖, 𝑗). 

Another loss function that is commonly used is the Dice coefficient loss, which measures the 

overlap between the predicted and ground truth masks: 

2 ∑𝑖,𝑗 𝑝𝑖,𝑗𝑡𝑖,𝑗 
ℒ𝐷𝑖𝑐𝑒 = 1 − 2 (5.6)2∑𝑖,𝑗 𝑝𝑖,𝑗 + ∑𝑖,𝑗 𝑡𝑖,𝑗 

where, 𝑝𝑖,𝑗 and 𝑡𝑖,𝑗 are the predicted and ground truth binary values at pixel (𝑖, 𝑗), respectively.  

In the present research, the Dice loss fuction was used to train the models. 

5.3.3 Stereovision and World Mapping 

Stereovision, also known as stereoscopic vision or stereo imaging, is a technique used in 

computer vision and robotics to perceive depth by utilizing two or more images of the same 

scene taken from different viewpoints. Stereovision enables machines to reconstruct the 3D 

structure of their environment. Figure 5.2 shows a typical stereo system.  The fundamental 

principle behind stereovision is triangulation. When two cameras, separated by a known 

baseline distance, capture images of the same scene, corresponding points in the images can be 

identified. The disparity, or difference in position, of these projected 2D points between the 

images is inversely proportional to their distance from the cameras. By calculating the disparity, 

the depth information can be extracted, allowing for the reconstruction of a 2.5D (depth from a 

single direction) scene. 
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Figure 5.2 – Depth Estimation from Stereo Camera Setup 

In the above figure (Fig. 5.2), two cameras are perfectly parallel, meaning that there is no 

relative rotation between the cameras.  The baseline, B, between the cameras determines the 

distance between the optical centers of the system. fL and fR are the focal lengths of the left and 

right cameras, respectively.  Both cameras are looking at a real-world point, P, with a coordinate 

of (X, Y, Z).  The projected image coordinate of P in the left camera is uL and in the right camera 

is uR. The projected image coordinates in the image planes can be estimated using: 

𝑋 
𝑢𝐿 = 𝑓𝐿 (5.7)

𝑍 
𝑋 − 𝐵 

𝑢𝑅 = 𝑓𝑅 (5.8)
𝑍 

The distance between the two projected points is known as disparity and is given by, 

𝑓𝐿 + 𝑓𝑅 𝐵 
𝑑𝑖𝑠𝑝𝑎𝑟𝑖𝑡𝑦 = 𝑢𝐿 − 𝑢𝑅 = ( ) (5.9)

2 𝑍 

The depth information of the real-world point, P, which is the distance between the center of 

baseline and P is modeled by, 

𝑓𝐿 + 𝑓𝑅 𝐵 
𝑑𝑒𝑝𝑡ℎ = ( ) (5.10)

2 𝑑𝑖𝑠𝑝𝑎𝑟𝑖𝑡𝑦 
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The actual process of stereovision setup requires more complex estimation because the camera 

lenses always induce distortions to the acquired images. Before computing the depth 

information, it is required to undistort both cameras’ images using their distortion coefficients 

and intrinsic parameters. The process of estimating the camera matrix and the distortion 

coefficients is known as camera calibration.  The projection of a real-world point to the image 

plane (both homogenous coordinates) is represented in terms of a linear transformation using the 

camera matrix as: 

𝑥𝑤 𝑥𝑤 𝑤𝑢 
𝑦𝑤 𝑦𝑤 [𝑤𝑣] = 𝐾 [𝑅 | 𝑇] [ ] = 𝑃 [ ] (5.11)
𝑧𝑤 𝑧𝑤 𝑤 
1 1 

where, P is known as the camera matrix and is composed of the intrinsic and extrinsic 

parameters, K includes the intrinsic parameters, R is a 3-by-3 rotation matrix, and T is the 

translation vector.  The intrinsic parameters contain information about the focal lengths in the X 

and Y directions and the coordinates of the principal point in both directions as well.  The matrix 

is given by: 

𝑓𝑥 0 𝑐𝑥 
𝐾 = [ 0 𝑓𝑦 𝑐𝑦 ] (5.12) 

0 0 1 
where, fx and fy are the focal lengths in the X and Y directions.  The principal point is given by 

cx and cy. 

The most common method of estimating these parameters is through a 2D planer pattern to 

compute the calibration parameters, which is discussed in the next section with more details. 

The reason this method is popular is that it simplifies the calibration process. Since the pattern is 

flat and lies on a single plane (with no Z-axis components), it eliminates the complexity of 

dealing with depth information or 3D spatial relationships. This makes it easier to compute 

calibration parameters, such as intrinsic camera parameters (such as focal length and optical 

center) and extrinsic parameters (such as the camera’s position and orientation relative to the 

pattern). By focusing only on the 2D plane, the process becomes less computationally intensive 

and more straightforward, as the calibration only needs to account for distortions and errors in 

the 2D image plane without additional complications from depth. So, the projection equation 

reduces to: 

𝑥𝑖 = 𝑃𝑋𝑖; 𝑍𝑖 = 0 (5.13) 

here, Xi is the 3D point with a coordinate of (Xi, Yi, 0) and xi is the corresponding 2D point in 

image plane (ui, vi). 

World mapping, in the context of computer vision and robotics, refers to the process of creating a 

comprehensive, 3D representation of an environment. This map serves as a crucial reference for 

navigation, planning, and interaction within the environment. World mapping often leverages 
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data from various sensors, including stereoscopic cameras, lidar, and GPS, to build an accurate 

and detailed map. Key components of a world mapping framework include: 

• Camera Calibration: Calibrate both cameras to determine their intrinsic parameters 

(camera matrix, distortion coefficients) and the extrinsic parameters (rotation and 

translation between the cameras) 

• Image Rectification: A technique to rectify the images to align them as if they were 

captured by a camera pair with parallel optical axes.  This simplifies the correspondence 

problem to a 1D search along horizontal lines. 

• Disparity Map Generation: Compute the disparity map, which measures the pixel-wise 

difference between the corresponding points in the left and right rectified images. 

• Point Cloud Generation: Convert the disparity map to a point cloud representing the 3D 

coordinates of each pixel. 

• 3D Reconstruction: Construct a 3D mesh from the point cloud by connecting the points to 

form a surface. 

Both stereovision and world mapping are pivotal technologies in the field of computer vision and 

robotics, providing machines with the ability to perceive, understand, and interact with their 

surroundings in three dimensions. By mimicking human depth perception and creating detailed 

maps of the environment, these technologies drive advancements in autonomy, navigation, and 

interaction across various industries, enhancing both functionality and safety. 

5.3.4 Camera Calibration 

As discussed above, in a camera calibration procedure, intrinsic and extrinsic parameters of the 

camera are estimated. The camera calibration helps to minimize image distortions (e.g., radial 

and tangential distortions) caused by the lens. It also provides accurate geometric mapping 

between world coordinates and image coordinates. To obtain the camera calibration parameters, 

multiple images of a known calibration pattern, such as a checkerboard or circular grid, are 

needed.  A basic camera calibration equation can be written as: 

𝑋 𝑥 
[𝑦] = 𝐾[𝑅|𝑡] [𝑌] (5.14)

𝑍 1 
1 

where, 𝑋, 𝑌, and 𝑍 are the coordinates of a 3D point in the world coordinate; 𝑥 and 𝑦 are the 

coordinates of the corresponding 2D point in the image; 𝐾 is the intrinsic matrix, which includes 

the focal length and the optical center of the camera; 𝑅 is the rotation matrix that describes the 

orientation of the camera relative to the world; and 𝑡 is the translation vector that represents the 

position of the camera relative to the world. The combination of 𝑅 and 𝑡 i.e., [𝑅|𝑡] is called an 

extrinsic matrix, which provides the camera’s position and orientation relative to the world. 

The intrinsic matrix, 𝐾, describes the camera’s internal parameters including the focal length and 

the optical center (principal point) and can be obtained from Eq. 5.12. 
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Radial and tangential distortions are the most common lens distortion in the images: 

𝑥𝑑 𝑥 2𝑝1𝑥𝑦 + 𝑝2(𝑟
2 + 2𝑥2)

[ ] = (1 + 𝑘1𝑟
2 + 𝑘2𝑟

4 + 𝑘3𝑟
6) [ ] (5.15)𝑦𝑑 𝑦] + [

𝑝1(𝑟
2 + 2𝑦2) + 2𝑝2𝑥𝑦 

where, 𝑥𝑑 and 𝑦𝑑 are the distorted image coordinates; 𝑥 and 𝑦 are the undistorted image 

coordinates; 𝑟2 = 𝑥2 + 𝑦2 is the radial distance from the image center; 𝑘1, 𝑘2, and 𝑘3 are the 

radial distortion coefficients; and 𝑝1, and 𝑝2 are the tangential distortion coefficients. 

In the present study, several cameras were used to obtain bridge data.  For example, a DJI Mavic 

3T drone was used, which was equipped with a pair of RGB and thermal cameras. The 

resolution of the RGB image, when simultaneously taking both RGB and thermal images, was 

4000×3000 pixels whereas the resolution of the thermal image was 640×512 pixels. To 

calibrate the thermal and RGB cameras of this drone, a grid with eight rows and columns of 

circles was used. Figure 5.3 presents the raw thermal images of this grid.  The raw thermal 

images were processed to a color version showing actual temperatures using in-house coding 

(Figure 5.4). Similarly, Figure 5.5 shows sample RGB images including the circular grid used 

to calibrate the RGB camera.  Note that for thermal camera calibration, the circular grid 

consisted of reflective circles to easily detect them in thermal images.  The circles were detected 

in each image of the calibration dataset followed by the estimation of calibration parameters to 

undistort the RGB and thermal images (Figure 5.6 and 5.7). 

Figure 5.3 – Raw Thermal Image Dataset Collected for Thermal Camera Calibration 
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Figure 5.4 – Processed Thermal Image Dataset Collected for Thermal Camera Calibration 

Figure 5.5 – RGB Image Dataset Collected for RGB Camera Calibration 
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Figure 5.6 – Thermal Camera Calibration Steps 

Figure 5.7 – RGB Camera Calibration Steps 

42 



 

    

        

     

     

    

    

      

      

      

       

       

 

 

 

 

   

    

   

 

    

      

  

 

 

 
 
 
 
 
 
 

        

               

 
 
 
 
 
 
 

 

 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

   

 

 

    

   

 

 

Table 5.1 – Camera Calibration Parameters for Devices Used in Present Study 

Parameter RGB Drone Mavic 3T Thermal Drone Mavic 3T Canon PowerShot SX530 HS 

Focal Length, 𝑓𝑥 3000.025 5733.255 3271.34 

Focal Length, 𝑓𝑦 3000.025 5733.255 3274.61 

Optical Center, 𝑐𝑥 1994.955 332.241 2255.56 

Optical Center, 𝑐𝑦 1503.928 196.065 1775.56 

Radial Distortion Coefficient, 𝑘1 0.187 -19.718 -0.0321 
Radial Distortion Coefficient, 𝑘2 -0.507 193.637 0.00772 
Radial Distortion Coefficient, 𝑘3 0.28 -123.354 0.004818 

Tangential Distortion Coefficient, 𝑝1 0.001 0.178 -0.00496 
Tangential Distortion Coefficient, 𝑝2 -0.001 -0.076 0.010 

5.3.5 Homography Matrix 

Homography matrix transforms the coordinates of points in one image to the coordinates of 

corresponding points in another image as: 

𝑥′ 𝑥 
[𝑦′] = 𝐻 [𝑦] (5.16) 

1 1 
where, 𝑥 and 𝑦 are the coordinates of a point in the first image and 𝑥′ and 𝑦′ are the coordinates 

of the corresponding point in the second image.  The homography matrix, 𝐻, is a 3×3 matrix: 

ℎ11 ℎ12 ℎ13 
𝐻 = [ℎ21 ℎ22 ℎ23] (5.17) 

ℎ31 ℎ32 ℎ33 
where, ℎ11 to ℎ33 are the parameters of the homography matrix that can be estimated using a set 

of images with corresponding points that are known.  For two images, at least four corresponding 

points between them should be known.  For the pair of points, a linear system of equations can 

be solved to find the homography matrix, 𝐻: 

ℎ11 
′ ′ ′ 

𝑥1 𝑦1 1 0 0 0 −𝑥1𝑥1 −𝑦1𝑥1 −𝑥1 ℎ12 

0 0 0 𝑥1 𝑦1 1 ′ −𝑥1𝑦1 
′ −𝑦1𝑦1 

′ −𝑦1 ℎ13 
𝑥2 𝑦2 1 0 0 0 ′ −𝑥2𝑥2 

′ −𝑦2𝑥2 
′ −𝑥2 ℎ21 

0 0 0 𝑥2 𝑦2 1 ′ −𝑥2𝑦2 
′ −𝑦2𝑦2 

′ −𝑦2 ℎ22 = 0 (5.18) 
⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ℎ23 
𝑥𝑛 𝑦𝑛 1 0 0 0 ′ −𝑥𝑛𝑥𝑛 

′ −𝑦𝑛𝑥𝑛 
′ −𝑥𝑛 ℎ31 

[ 0 0 0 𝑥𝑛 𝑥𝑛 1 ′ −𝑥𝑛𝑦𝑛 
′ −𝑦𝑛𝑦𝑛 

′ ]−𝑦𝑛 ℎ32 
[ℎ33] 

5.3.6 Feature Detection 

To stitch overlapping RGB images, features must be first detected in each image and then the 

common features must be matched in between images. The feature detection is discussed herein, 

and the feature matching is discussed in the following section. 
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Different algorithms are available to detect features in RGB images including Harris Corner 

detector, Histogram of Oriented Gradients (HOG), Scale Invariant Feature Transform (SIFT), 

Speeded-Up Robust Features (SURF), Features from Accelerated Segmentation Test (FAST), 

Binary Robust Independent Elementary Features (BRIEF), Oriented FAST and Rotated BRIEF 

(ORB), Binary Robust Invariant Scalable Keypoints (BRISK), and Accelerated KAZE 

(AKAZE).  

Harris Corner detector (Harris & Stephen, 1988) uses a gradient based approach to identify 

corners in an image.  Dalal and Triggs (2005) developed the HOG algorithm to identify the 

human body in images based on the orientation of gradients.  

SIFT (Lowe, 2004) is a robust feature detector against scale, rotation, transformation and 

illumination changes in images.  SIFT successively blurs the original image by convolving it 

with a Gaussian filter then identifies the local extrema, which are potential points for the 

features, by comparing the current point to eight surrounding pixels in the current scale and nine 

pixels in higher and lower scale making a total of 26 pixels.  The performance of the SIFT 

detector is robust compared with other detectors; however, the computational cost is its 

drawback.  

SURF was introduced by Bay et al. (2006) which uses Hessian matrix to compute the features.  

The Hessian matrix is a second order derivative of the intensity values of an image.  Box filter is 

used to estimate the Hessian matrix, which is a computationally more effective approach than the 

Gaussian filter used in SIFT. 

FAST (Rosten et al., 2005) identifies the corner in an image by comparing a pixel to 16 other 

pixels in its surroundings.  If there are contagious n-number of pixels that are brighter or darker 

than the current pixel being tested, then the current pixel is declared as a corner.  FAST is not 

invariant to scale and rotation i.e., any change in scale or rotation of the image will have an 

impact on the results.  BRIEF is a feature descriptor developed by Colander et al. (2010) which 

efficiently stores the information pertinent to the detected feature; however, BRIEF is not 

invariant to rotation and scale.  To improve the BRIEF descriptor, a variant called ORB was 

developed by Rublee et al. (2011), which is invariant to rotation.  ORB combines the benefits of 

the FAST and BRIEF algorithms and adds the dominant orientation information for the feature 

using gradients which makes it invariant to rotation. Leutenegger et al. (2011) proposed BRISK 

algorithm to detect features in the image using different scales but uses the FAST corner detector 

instead of Gaussian used in SIFT.  AKAZE (Alcantarilla et al., 2011) uses a nonlinear scale 

space based on a nonlinear diffusion to identify features at different scales instead of linear scale 

space used in SIFT. 

Feature detection is a crucial stage in image stitching process for bridges. Figure 5.8 provides 

sample features detected in an image of a bridge deck taken by a drone using different features 

detector algorithms.  In this study, after different trials, the SIFT detector was selected to extract 

features of bridge decks (Fig. 5.9). 
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(a) Original Image 

(b) SIFT Detector 

(c) Harris Corner Detector 
Figure 5.8 – Samples of Bridge Deck Features Detected by Different Algorithms 

45 



 

 
  

 
  

 
  

 
  

   

(d) ORB Detector 

(e) FAST Detector 

(f) BRISK Detector 

(g) AKAZE Detector 

Figure 5.8 – Continued 
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(a) Sample Image 1 (b) Sample Image 2 

(c) Features Detected in Image 1 (d) Features Detected in Image 2 

Figure 5.9 – Bridge Deck Feature Detections by SIFT Detector 

5.3.7 Feature Matching 

The next step after feature detection is to match the features or obtain correspondence between 

features in the overlapping images. Bruteforce Matcher (BFMatcher) with K-Nearest neighbors 

(KNN, Bradski, 2014) matching was used to identify corresponding points between a pair of 

images.  Lowe’s ratio test (Lowe, 2004) and random sample consensus (RANSAC) method 

(Cantzler, 1981) were used to filter out the outliers of the matched features.  Figure 5.10 shows a 

sample of matched features between two overlapping images of a bridge deck placed side by 

side. Since the two images were taken by a drone at two different locations, a portion of the 

images (can be as small as 25% or as large as 75%) is common between the two images. The 

green lines connect the best detected features of the two images.  It can be seen that most 

common features between the two images were successfully matched (those with parallel green 

lines); however, some outliers (intersecting green lines) exist.  To minimize the effects of 

outliers, only the top 100 matched features were used in this study for bridge decks. 
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Figure 5.10 – Sample of Feature Matching for a Bridge Deck 

5.4 Bridge Deck 2D RGB Map Generation 

The RGB map of bridge decks (or plan view of the bridge deck from top) can be created for the 

entire bridge using either iPhone/iPad-based lidar data (point clouds) or drone-based RGB 

images. The following section provides details of 2D map generation for both approaches. Note 

that 2D maps are preferred over 3D objects since most AI models work better in analyzing 2D 

images. 

5.4.1 Bridge Deck RGB Map Generation using iPhone-Based Lidar Method 

In the present study, both iPhone and iPad equipped with a short-range lidar sensor were used to 

collect lidar data of bridge decks. Furthermore, PolyCam, a mobile application, accessed the 

lidar sensor and generated a point cloud (3D) data.  Figure. 5.11 shows a sample of the recorded 

3D mesh in a file viewer called “MeshLab”. Note that only one lane of the bridge was scanned 

in this example.  

Figure 5.11 – A Sample of PolyCam Generated 3D Mesh of a Bridge Deck 
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Subsequently, the 3D scan recorder with an extension of OBJ including its texture map was 

processed using in-house programming to obtain a 2D image of the bridge deck by mapping all 

3D points to a reference plane, which was the bridge deck surface in the present study.  Figure 

5.12 shows a sample 2D map of a bridge deck extracted from its 3D map (Fig. 5.11). 

Figure 5.12 – 2D Maps of Bridge Decks Developed from Point Cloud (Mesh) Data 

To obtain such a 2D image from its 3D mesh data, each of the faces of the mesh (triangles 

describing the planes) was processed independently to compute its projected transformations and 

to extract the pixel information given by the texture map. From these 3D mesh scans, an 

intricate process of extracting 2D maps was followed as shown in Fig. 5.13. The process begins 

with loading the mesh object exported from the PolyCam application and then parsing the object 

file to load the vertices, textures, and segment information.  Then, the histogram of the depth of 

the vertices is computed to clip the vertices that are too far from the reference plane, which is the 

bridge deck surface.  After getting vertices that fell on the deck, a Principal Component Analysis 

(PCA) is carried out to find the best plane that contains those vertices.  Subsequently, the vertices 

are projected on the reference plane.  Finally, the textures are extracted from the texture map 

given by the uv coordinates of the mesh descriptor. 

Figure 5.13 – Flowchart for Bridge Deck 2D Map Extraction from Point Clouds 

Once a 2D deck map of bridges (either lane by lane or whole width of the bridge) is obtained, it 

is forwarded to a neural network for semantic segmentation and quantification of the inspector 

annotations. 
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5.4.2 Bridge Deck RGB Map Generation using Drone-Based RGB Images 

Drone’s RGB images can be used to develop a 2D map of whole bridge deck, then a deep 

learning model detects the deck delamination.  Figure 5.14 shows the proposed image stitching 

process using camera parameters, feature detection, and feature matching, to develop a 2D map 

of the entire bridge deck.  In this method, RGB images are first rectified using camera calibration 

parameters (as discussed in Sec. 5.3.4). The rectified RGB images are then used to detect 

features within each image followed by the feature matching for corresponding points in the 

common regions of two overlapping images (as discussed in Sec. 5.3.7). Subsequently, a 

homography matrix (HRGB) is calculated using these matched feature points (as discussed in Sec. 

5.3.5). The process is performed on all images taken from the target bridge and then a 2D map 

of the bridge deck is formed by image warping and blending.  Note that the 2D map of the bridge 

deck in Fig. 5.14 was shown in a perspective view for clarity.  

Figure 5.14 – Generation of 2D RGB Map for Entire Bridge Deck 

5.5 AI Based Delamination Detection for Bridge Decks using 2D RGB Maps 

When the 2D RGB map of a bridge deck is ready (using one of the two methods discussed in the 

previous sections), an AI model can be used to detect its delamination, which are paint marked 

by bridge inspectors. Note inspectors can use a chain-drag method or any other NDE methods to 

detect delamination in the field. 

5.5.1 RGB Data Preparation for Model Training 

The performance of any deep learning model depends on the quality and quantity of the data 

used for training and validation. Deep learning models generally perform better when trained on 

large datasets, as this improves their ability to generalize across diverse scenarios. 

Consequently, the training data must closely reflect real-world conditions to ensure accuracy and 

reliability. In this study, the neural networks were trained using the dataset described in Ch. 4. 

Specifically, 18 bridges were scanned using smartphone-based lidar, and more than 13,000 RGB 

images were collected from 50 bridges. 

To better generalize features when the number of datapoints is limited (e.g., thousands instead of 

millions), several data augmentation techniques can be utilized to further diversify the dataset.  

In the present study, the training set was color augmented in the Hue, Saturation, and Value 

(HSV) color space to generate different variations of the paint colors when an inspector 

annotates a delamination.  This image augmentation was applied randomly with a probability of 
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50%.  Furthermore, different geometric augmentations such as scaling and rotation were applied.  

Scaling ranged from 0.5 to 1.0 of the training sample with a probability of 50%.  A rotation of -

45 to +45 degrees was also applied to increase the number of samples.  Figure 5.15 shows 

samples of raw and augmented data including their labels that were used in the model training. 

(a) Raw RGB in Pink (b) Labeled version of (a) 

(c) Raw RGB in Green (d) Labeled version of (c) 

(e) Augmented RGB in Blue (b) Labeled version of (e) 

Figure 5.15 – Samples of Raw and Augmented Data and their Labels Used in Training 
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The final dataset was split into a training and testing set using the industry standard of 90% for 

training and 10% for testing.  The training set was further split into 90% training and 10% 

validation sets.  Table 5.2 presents a summary of the inspector annotation RGB datasets used in 

the training, validation, and testing of the selected deep learning networks, which is discussed 

next. Note that the training set of 1,553 was increased to 70,000 after performing the above-

mentioned augmentations. 

Table 5.2 – Bridge Deck RBG Dataset Distribution Used in Neural Network 

Set Number of Samples 

Training 1553 

Validation 172 

Testing 192 

5.5.2 Selected Neural Networks for RGB Data Analysis 

A deep learning network, U-Net (Ronnenberger et al., 2015), was selected for semantic 

segmentation tasks of the present project to find the inspector annotations for delamination.  U-

Net (Fig. 5.16) is composed of one encoding path, a bottleneck channel, and a decoding path to 

classify pixels of images.  This forms a U-shaped structure of the network. The encoding path 

involves a series of convolutional and max pooling layers, which progressively reduce the spatial 

dimensions of the input image while extracting hierarchical features. These layers act as an 

encoder, capturing context and high-level representations from the input image. The decoding 

path consists of upsampling and concatenation operations followed by convolutional layers. 

These layers gradually upsample the feature maps back to the original input resolution while 

incorporating high-resolution features from the contracting path through skip connections. The 

skip connections enable precise localization and refinement of segmentation boundaries by 

preserving fine-grained spatial information. 

Figure 5.16 – U-Net Developed by Ronnenberger et al. (2015) 
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There are various versions of U-Net designed for different tasks and applications.  In the present 

project, three variants of the U-Net model were explored for delamination detection: U-Net by 

Ronnenberger et al. (2015), Attention U-Net by Oktay et al. (2018), and Recurrent Residual U-

Net by Alom et al. (2018). 

The Attention U-Net extends the model by introducing attention gates as filters on the outputs of 

the skip connections as shown in Fig. 5.17. The structure of Attention U-Net retains the 

symmetric encoder-decoder design of the original U-Net model. In the encoder path, 

convolutional layers with ReLU activations and max-pooling operations are used to extract 

hierarchical features and downsample the input image.  The decoder path employs upsampling 

and convolutional layers to reconstruct the image dimensions and refine the segmentation output.  

Attention gates are integrated into the skip connections between corresponding layers in the 

encoder and decoder paths.  These gates learn to dynamically weigh the importance of different 

features, allowing the network to emphasize salient regions and ignore background noises. 

Figure 5.17 – Attention U-Net Framework Developed by Oktay et al. (2018) 

The Recurrent Residual U-Net model extends U-Net by replacing the last convolution block of 

each layer with a recurrent convolution block with residual connection (Fig. 5.18). The model is 

better in capturing long-range spatial dependencies and contextual information because of the 

residual layers, which add temporal connections to the network. Recurrent feature processing 

allows the network to iteratively improve its comprehension of the input data. The residual 

connections offer shortcut paths that avoid one or more layers, which makes it easier to train 

deeper networks. This expedites convergence and aids in the solution of the vanishing gradient 

issue. Remaining connections are added to the encoder and decoder paths in Recurrent Residual 

U-Net, which enhances feature propagation and network stability. 
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Figure 5.18 – Recurrent Residual U-Net Framework Developed by Alom et al. (2018) 

5.5.3 Neural Network Model Training on RGB Dataset 

For these three different models, different hyperparameters were used but with the same loss 

function, the Dice function.  Table 5.3 lists the best hyperparameters of the models during the 

training phase on the RGB dataset. 

Table 5.3 – Hyperparameters of Evaluated Deep Learning Models During Training on RGB Dataset 

Model Batch Size Learning Rate Weight Decay Momentum 

U-Net 5 0.0001 1 × 10−8 0.999 

Attention U-Net 2 0.0005 1 × 10−8 0.99 

Recurrent Residual U-Net 4 0.0001 1 × 10−8 0.99 

The models are trained on the training set of the annotated dataset with each epoch having a 

validation stage on the validation dataset.  Each validation stage aims to save the best-performing 

model parameters based on the validation set. Figure 5.19 shows the trend of the validation 

score of the U-Net model.  The best model had a score of 0.7375. 

Figure 5.19 – U-Net Validation Score Trend during Training 
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Figure 5.20 shows the trend of the validation score of the Attention U-Net model in which the 

best model had a score of 0.6265. 

Figure 5.20 – Attention U-Net Validation Score Trend during Training 

Figure 5.21 shows the trend of the validation score of the Recurrent Residual U-Net model in 

which the best model had a score of 0.6265. 

Figure 5.21 – Recurrent Residual U-Net Validation Score Trend during Training 

The U-Net model achieved a validation score of 0.7375, indicating its effectiveness in 

segmenting the dataset. As shown in Fig. 5.19, the validation score of the U-Net model 

demonstrates a consistent improvement, culminating in its best score.  The Attention U-Net and 
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the Recurrent Residual U-Net models both achieved a lower validation score.  Despite the 

additional mechanisms designed to enhance segmentation performance in these models, such as 

attention mechanisms and recurrent residual connections, they did not surpass U-Net in terms of 

validation scores. 

The results highlight that while advanced architectures such as the Attention U-Net and the 

Recurrent Residual U-Net incorporate sophisticated mechanisms aimed at improving 

segmentation, the classical U-Net model remains highly competitive and outperformed the other 

two models in this study.  These findings suggest that the choice of model architecture should 

consider the specific dataset and task requirements, as more complex models do not necessarily 

guarantee a better performance.  Further research and experimentation with different 

configurations and training strategies may help to improve the performance of these advanced 

models. 

5.6 AI Based Delamination Detection on 2D RGB Maps from either Lidar or Drone 
Data 

The research team initially developed two neural networks for analyzing RGB maps developed 

from either lidar data or drone imaging.  Nevertheless, both were consolidated into a single 

model to simplify the process and the implementation in the inspection software.  

5.7 AI Based Delamination Detection and Quantification in RGB Images 

For the detection of delamination in RGB images, the three neural network models discussed in 

Sec. 5.5.3 were further investigated at the local and global levels. The best model is used in the 

bridge inspection software.  In this section, the delamination detection and quantification 

algorithms, and results of the model at local and global levels are discussed. 

5.7.1 Detection of Delamination in RGB Images 

The detection of delamination is performed on 2D RGB maps of bridge decks generated from the 

previous stage (Sec. 5.4).  Since the generated RGB map is a very high-resolution image and can 

cover the whole length of the bridge, the image is split into small patches to reduce 

computational efforts by generating a finer segmentation of the target pixels.  The trained U-Net 

models look for the pixels that fall within the annotation zone (delamination found and marked 

by inspectors).  The annotation by the inspector ranges through different highlighting color 

spectrum.  Usually, the region is marked with a water-based color spray.  The model looks 

through each pixel of the input data to determine whether this is part of the annotation region or 

not. Once the entire bridge deck image is processed, the predicted masks are used to find each 

independent bounding region using a contour analysis.  Each contour is organized hierarchically, 

enabling systematic processing to identify individual delaminated areas and calculate cumulative 

delamination across the entire RGB map. Each local deficiency is further analyzed using the 

proposed condition states by their area (Ch. 3). The following algorithm describes the process of 

computing the local area in pixels for each delamination: 
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Table 5.4 – Algorithm to Compute Delaminated Area 

Input: Predicted Semantic Segmentation Map, map 

Output: local_damage_area, refined_contours 

# Close any open polygon applying a 5x5 dilation kernel 

processed_map := Apply Morphological Extension on map 

hierarchy, contours := DetectContours (preprocessed_map) 

# Refine Contours and Compute Local Damage Area 

local_damage_area := [] 

foreach contour in contours: 

refined_contour := [] 

foreach point in contour: 

refined_point := Find Coordinate of the Closest Pixel with Value == 1 

refined_contour := Append(refined_contour, refined_point) 

end 

refined_contours := Append(refined_contours, refined_contour) 

refined_area := PolygonArea(refined_contours) 

local_damage_area := Append(local_damage_area, refined_area) 

end 

5.7.2 Quantification of Delamination Condition States in RGB Images 

Following the abovementioned method, the predicted delaminated areas are computed first in the 

pixel unit then are scaled to actual sizes (e.g., in2 or mm2) using either the point cloud data in the 

lidar based method or a user-provide scale factor in the drone RGB based method. The 

quantification of the condition states for delamination on concrete decks was first presented in 

Ch. 3. A global flowchart of the inspection software with condition state estimation was 

discussed earlier in Sec. 5.2. However, Fig. 5.22 shows a close-up of the flowchart detailing the 

steps taken to estimate the delamination condition states for bridge decks. 
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Figure 5.22 – Quantification of Condition States for Delamination 

After computing the area of each delaminated region, the following algorithm was used to 

determine and label the condition state of each defect.  The condition states are color coded 

according to AASHTO MBEI (2019) and then delaminated areas are overlaid on the top of the 

deck 2D map to form a complete damage map of the bridge deck. 
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Table 5.5 – Algorithm to Determine Delamination Condition State and Generate Damage Map 

Input: refined_contours, local_damage_area, area_in_pixels, area_in_metric 

Output: damage_state_per_delam 

# Define conversion resolution from pixels to metric unit 

resolution := area_in_inches / area_in_pixels 

# Determine Damage States 

damage_state_per_delam := [] 

foreach area in local_damage_area: 

unit_area := area * resolution 

# Damage State 1 

if unit_area ≤ 7: 
damage_state_per_delam := Append(damage_state_per_delam, 1) 

elif unit_area > 7 and unit_area ≤ 30: 
damage_state_per_delam := Append(damage_state_per_delam, 2) 

elif unit_area > 30 and unit_area ≤ 110: 
damage_state_per_delam := Append(damage_state_per_delam, 3) 

else 

damage_state_per_delam := Append(damage_state_per_delam, 4) 

endif 

end 

5.8 Results of AI-Based Delamination Detection in RGB Images 

The performance of the models was evaluated on the test set of the dataset (individual images) as 

well as the complete 2D RGB maps of actual bridge decks, which were scanned with an iPhone 

and the maps were developed using the methods discussed in Sec. 5.4. Since each image of the 

testing set has one or a few delamination, such delamination can be assumed a “local” defect.  

However, a bridge deck might have many delaminated areas which must be evaluated.  For ease 

of discussion, the deck-level delamination assessment is called “global” assessment.  In other 
words, a local assessment is to determine the accuracy of the neural network models at the pixel 

level while the global assessment is to estimate the defects at the physical area level.  The former 

was used during the training phase, and the latter was used during the testing phase of the 

network.  The accuracy at both levels is discussed herein.  Note that a pixel-to-pixel assessment 

was needed during the training of the models and to select the best model for delamination task.  

The section starts with the performance assessment of the neural networks on RGB maps 

obtained from the lidar method followed by a similar assessment on RGB maps obtained from 

the drone imaging. 

5.8.1 Local Assessment of Neural Networks for Delamination Using iPhone Based Lidar 
Images 

The local delamination was assessed on the patches of images with and without delamination.  

The Dice score can be used to evaluate such local performances.  The Dice score is calculated 

using two other indices named “precision” and “recall”.  The precision is the ratio between the 

detected true positive (TP) instances and the sum of true positives and false positive (FP) 

instances while the recall is the ratio of detected true positives and the sum of true positives and 

false negatives (FN) as: 

𝑇𝑃 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = (5.19)

𝑇𝑃 + 𝐹𝑃 
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𝑇𝑃 
𝑅𝑒𝑐𝑎𝑙𝑙 = (5.20)

𝑇𝑃 + 𝐹𝑁 

In the present study, TP refers to the pixels in the ground truth image that are correctly identified 

as part of a delaminated area, which has been marked by inspectors during the inspection 

process.  These are the pixels that both the inspectors and the model agree belong to a 

delaminated region, meaning the model has successfully detected the defect in the correct 

location.  FP, on the other hand, represents the pixels that do not belong to a delaminated region 

in the ground truth image but have been incorrectly classified by the model as delamination. 

These are the pixels where the model mistakenly predicts delamination when none exists 

according to the inspector’s annotation.  FN is the number of pixels that are wrongly categorized 

as background or another object when they belong to the target object or region. The precision 

measures the accuracy of the positive predictions made by the model while the recall measures 

the ability of the model to find all the relevant pixels of the target object or region in the image. 

Subsequently, the Dice score (also known as the F-1 score) of the testing set is computed using 

the following equation: 

2 ∙ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∙ 𝑅𝑒𝑐𝑎𝑙𝑙 
𝐷𝑖𝑐𝑒 = 

(5.21)𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 

These local metrics were mostly assessed during the training of the neural models.  Table 5.6 

presents a summary of the assessment for local (pixel-to-pixel) delamination.  Furthermore, Fig. 

5.23 shows samples of the results at local views. 

Table 5.6 – Local Assessment of Neural Networks for Bridge Deck Delamination Detection in RGB Images 

Model 
Test Set Performance 

(Dice Score at Pixel Level) 

U-Net 73.75% 

Attention U-Net 62.65% 

Recurrent Residual U-Net 31.25% 

CNNs work within a local area defined by a convolutional kernel to capture spatial hierarchies. 

This technique allows CNNs to learn features at different levels of abstraction, from low-level 

features (e.g., edges and textures) to high-level features (e.g., objects and patterns). While 

generating a segmentation mask for each pixel, the model determines the probability of that pixel 

belonging to a particular class based on its learned features and context from surrounding pixels. 

However, due to the complex nature of real-world images and the limitations of the model in 

perfectly capturing all nuances, it is challenging to achieve a complete pixel segmentation. Even 

the state-of-the-art models have limitations in fully capturing all possible variations of unseen 

data. Sometimes, CNN models may be overfitted during training thus they fail to perform well 

on new, unseen examples. There are also practical limitations on the size and complexity of the 

models that can be used, due to computational resources and the need for real-time performance 

in many applications. 
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(a) 2D Map of Bridge Deck as Input of Neural Network (b) Ground Truth for Training U-Net 

(d) Contour Analysis and Condition State Evaluation 
(c) Predicted Delamination by U-Net 

on Predicted Mask 

Figure 5.23 – Samples of Local Assessments of Neural Networks for Delamination 

As discussed earlier, the performance of the neural networks in the present study was assessed at 

the local and global levels using different approaches.  In the local assessment, a pixel-level 

assessment was done while in the global assessment the identified pixels were analyzed to 

enclose the damaged areas thus the estimated area was compared with the actual area, instead of 

finding just the pixels that represent the inspector annotations at the local level.  It was found, as 

further discussed next, that the global assessment shows a higher accuracy than that of the local 

assessment.  This is because finding the damaged area by connecting (enclosing) CNN detected 

pixels is less sensitive to the pixels that are missed (an area will be formed anyway), while a 

pixel-to-pixel comparison depends on a successful detection of every pixel. Figure 5.23 better 

shows why the global assessments are more accurate than the local estimates.  Figure 5.23a 
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shows a slice of the bridge deck that has two delamination annotated by the inspector.  Figure 

5.23b shows the ground truth mask for the annotation.  Figure 5.23c shows the pixel-wise 

prediction by the model where the model did not detect all the pixels which were part of the 

delaminated area.  After performing a contour analysis, the boundary of the damaged region was 

found followed by a condition state analysis as shown in Fig. 5.23d. It is clear that when 

comparing the estimated delaminated area (Fig. 5.23d) with the actual delaminated area (Fig. 

5.23b), the number of missed pixels was not important (as the contour function enclosed the gaps 

and computed the area of the enclosed polygon) thus a global assessment is generally more 

accurate than a pixel-to-pixel assessment (compare Fig. 5.23c with Fig. 5.23b). Note that the 

accuracy presented in Table 5.6 was at the pixel level not the area level, which is discussed next. 

5.8.2 Global Assessment of Neural Networks for Delamination Using iPhone Based 
Lidar Images 

A delamination analysis at the global scale (e.g., area-to-area at the full length of the bridge) 

provides a complete assessment of the entire processes and methods of autonomous delamination 

detection in real applications.  Figure 5.24 shows one sample of delamination assessment for a 

bridge on its full length, which was 248 ft (75.4 m). 

Figure 5.24a shows the input image, a 2D map of the bridge deck including the marked 

delamination by the inspector (the enclosed areas with green paint), to the neural network.  This 

input image is then processed to extract patches with a size of 512-by-512 pixels with a stride of 

256. This makes each patch to have a 50% overlap with the adjacent ones.  

Figures 5.24b-d show the predicted pixels by the three neural networks as the delamination 

boundaries (finding the green markups automatically).  The findings are then used to compute 

the delamination condition state for individual zone using a contour analysis on the post-

processed prediction map.  The predicted delaminated pixels are then connected using 

morphological transformations and passed through a contour analysis.  After the completion of 

the contour analysis, which was done to enclose each delamination and to obtain its shape, each 

of the delaminated areas is then color coded based on the severity of the delamination (Sec. 3.3). 

The scale information was retrieved from the mesh (point cloud) data. 

A similar evaluation was performed on 18 different bridges to evaluate the framework.  Table 

5.7 presents a summary of the findings at the global level for these 18 bridges.  The accuracy of 

the U-Net model was extremely high (with only 1% error) for these real-world applications.  

62 



 

 
  

 
    

 
     

 
     

 
   

    

 

 
     

 

 
  

 

  

   

  

 

 

      

 

 

 

  

(a) 2D Map of Bridge Deck Captured Using an iPhone as Input of Neural Network 

(b) Predicted Delamination by U-Net 

(c) Predicted Delamination by Attention U-Net 

(d) Predicted Delamination by Recurrent Residual U-Net 

(e) Condition States of Delaminated Regions Based on U-Net shown in (b) 

Figure 5.24 – Delamination Assessment of a 75.4-m (248-ft) Bridge Using Lidar Imaging 

Table 5.7 – Global Assessment of Neural Networks for Delamination Detection in RGB Maps of 18 Bridge 
Decks 

Model 
Deck Map Performance 

(Area) 

U-Net 99.5% 

Attention U-Net 84.5% 

Recurrent Residual U-Net < 5% 

Figures 5.25 and 5.26 show the results of similar area-level assessments for two more bridge 

decks, one curved and another skewed.  It can be seen that in all these cases, U-Net showed a 

better performance compared with the other two models. 
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(a) 2D Map of Bridge Deck Captured Using an iPhone as Input of Neural Network 

(b) Predicted Delamination by U-Net 

(c) Predicted Delamination by Attention U-Net 

(d) Predicted Delamination by Recurrent Residual U-Net 

(e) Condition States of Delaminated Regions Based on U-Net shown in (b) 

Figure 5.25 – Delamination Assessment of a 52.7-m (173-ft) Curved Bridge Using Lidar Imaging 

(a) 2D Map of Bridge Deck Captured Using an iPhone as Input of Neural Network 

(b) Predicted Delamination by U-Net 

(c) Predicted Delamination by Attention U-Net 

(d) Predicted Delamination by Recurrent Residual U-Net 

(e) Condition States of Delaminated Regions Based on U-Net shown in (b) 

Figure 5.26 – Delamination Assessment of a 52.4-m (172-ft) Skewed Bridge Using Lidar Imaging 
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Table 5.8 presents a summary of the local (pixel to pixel) and global (area to area) evaluations.  

The U-Net and Attention U-Net models performed well on the test set while the Recurrent 

Residual U-Net showed an inferior performance on the test and deck map sets.  Overall, U-Net 

performed better than the other two models both on the local and global scales and is 

recommended for field applications. 

Table 5.8 – Performance of Neural Networks in Detection of Bridge Deck Delamination in RGB Images 

Model 
Test Set (Local) Performance 

(Dice Score at Pixel Level) 

Deck Map (Global) 

Performance 

(Area Level) for 18 Bridges 

U-Net 73.75% 99.5% 

Attention U-Net 62.65% 84.5% 

Recurrent Residual U-Net 31.25% < 5% 

5.8.3 Global Assessment of Neural Networks for Delamination Using Drone Based RGB 
Images 

A high elevation image of bridge decks can cover the entire bridge deck; however, the resolution 

of such image is usually low limiting its application in neural networks. By lowering the flying 

altitude of the drone, a high-resolution image can be captured; however, it may not cover the full 

length of the bridge due to the field of view of drones’ cameras. Overlapping images can be 

collected and those images can be stitched together using homography matrices estimated based 

on the image feature detection and matching in successive frames, which was discussed earlier in 

Sec. 5.4.2. Figure 27a shows an example of a stitched image using 50 individual images of a 

293 ft (89.3 m) long bridge deck.  In this image, the delaminated regions are marked with circles 

painted on the bridge deck.  The aim is to identify these green circles in the stitched image using 

the best trained neural network, U-Net. The neural network successfully detected the paint 

markings in the image (Fig. 27b). The accuracy of the neural network in detecting the defected 

areas was 96% compared with that of the actual damage.  Figure 27c provides an overlayed 

delamination map on the bridge deck RGB map. 
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(a) Stitched RGB Image of Bridge Deck 

(b) Predicted Delamination by U-Net 

(c) Condition States of Delaminated Regions Based on U-Net shown in (b) 

Figure 5.27 – Delamination Assessment of an 89.3-m (293-ft) Bridge Using Drone RGB Imaging 

Overall, the study confirms that a 2D RGB map of bridge decks can be constructed using either 

lidar or drone imaging.  Furthermore, the trained U-Net model of the present study is able to 

detect the inspector markups from RGB images and maps with very high accuracy at the area 

level of bridge decks (more than 95%). 
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CHAPTER 6 – THERMAL BASED AI DELAMINATION DETECTION 

6.1 Introduction 

Thermal images can show internal defects of concrete such as delamination (e.g., as hot spots if 

data is collected in daytime) compared with the undamaged regions. The current state-of-the-art 

thermal image collection and processing lacks systematic and automated methods for bridges.  In 

the present study, first a novel approach to develop a thermal map of the entire bridge deck is 

developed. The new thermal map includes the actual temperature of bridge decks instead of 

thermal intensity that was used in past studies.  Subsequently, neural networks were trained to 

detect delaminated regions using deck thermal maps.  

This chapter presents a methodology to detect concrete delamination from thermal maps of 

bridge decks.  The components of such methodology, such as thermal map generation for decks, 

thermal data normalization, neural network training and accuracy, etc., are discussed in the 

following sections of the chapter.  The best neural network and normalization method were used 

to generate delamination maps for concrete bridge decks. 

6.2 Proposed Methodology to Detect Bridge Deck Delamination in Thermal 
Images 

Figure 6.1 shows the proposed methodology to automatically generate a delamination map for 

concrete bridge decks using a fused RGB-thermal imaging and computer vision.  The steps 

include collection of images using drones each equipped with a pair of thermal and RGB 

cameras, which are calibrated and correlated.  Subsequently, RGB images are stitched to develop 

a two-dimensional (2D) map of the bridge deck.  Then, thermal data are superimposed over the 

RGB data using homography mapping.  Subsequently, the fused data is processed to obtain the 

thermal map of the whole bridge deck.  The final stage is to analysis the thermal map using a 

neural network to automatically detect delaminated regions.  As a result of this process, a 

delamination map for the entire bridge deck is generated.  The following sections discuss these 

key steps to obtain thermal maps of bridge decks and to detect delamination using AI. 

Figure 6.1 – Workflow for Delamination Detection in Concrete Bridge Decks Using Thermal Images 
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6.3 Proposed Methodology to Develop Bridge Deck Thermal Map 

Figure 6.2 shows the complete image stitching process using camera parameters, feature 

detection and matching, and homography (all discussed earlier in Sec. 5.3) to develop a thermal 

map of the entire bridge deck. As an example, and to show the process, the figure shows the 

thermal map generation using 11 pairs of RGB and thermal images.  RGB images were rectified 

using the camera calibration parameters. The rectified RGB images were used to detect image 

features followed by feature matchings for corresponding points in the overlapping regions. 

Homography matrices were estimated to stitch RGB images. Note that the complete RGB image 

stitching method was discussed in Sec. 5.4.2. Followed by the RGB map generation, thermal 

images were also rectified using thermal camera calibration parameters. Another homography 

matrix was estimated to warp thermal images on their corresponding RGB images. These 

warped thermal images were then stitched together using homography matrices already 

calculated for RGB image stitching. Average temperature values were used in the overlapping 

regions of warped thermal images.  Figure 6.3 shows the final stitched RGB and thermal maps 

for the entire deck of this sample bridge. 

Figure 6.2 – Generation of 2D Thermal Maps for Entire Bridge Decks 

Note that the field of view for thermal cameras is usually narrower than that of RGB cameras.  

Therefore, thermal images should cover the area of interest as a minimum.  Camera calibration 

parameters also play a vital role in image stitching as it rectifies the errors in the image, and the 

lines get straightened at the edges. Without camera calibration, the straight lines appear as 

curves causing mismatch in the image stitching process. 
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(a) RGB Map 

(b) Thermal Map with Actual Deck Temperature 

Figure 6.3 – Final Stitched RGB and Thermal Maps for Bridge Shown in Fig. 6.2 

During data collection phase, two orientations of drone’s camera with respect to the bridge 

longitudinal direction were exercised as shown in Fig. 6.4. In Case-A, the wider view of the 

drone’s camera was in the bridge transverse direction and in Case-B, the wider view of the 

drone’s camera was in the bridge longitudinal direction.  These different orientations result in 

covering different areas of interest.  In Case-A, a greater number of images are required to cover 

the entire length of the bridge.  The proposed method for creating RGB and thermal maps of 

entire bridge length works well in both scenarios. However, the current commercial drones are 

equipped with thermal cameras that are much narrower in their fields of view compared with 

those of RGB cameras.  The study recommends using the field of view of thermal cameras as the 

baselines of RGB-thermal data collection.  

(a) Case-A (b) Case-B 

Figure 6.4 – Effects of Drones’ Field of View on Images 

The proposed method to develop thermal maps for bridge decks using the fused RGB-thermal 

imaging was successfully exercised on several other bridges, some examples are shown in Fig. 

6.5 to 6.11. 
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(a) RGB Map 

(b) Thermal Map 

Bridge ID 
Length 
m (ft) 

Width 
m (ft) 

No. of 
Lanes (L) 

and 
Shoulders 

(S) 

Lane 
Width 
m (ft) 

Shoulder 
Width 
m (ft) 

Height 
of Drone 

m (ft) 

No. of 
Images 

Image 
Overlap 

(%) 

Image 
Orientation 
Relative to 

Bridge 

Output 
(pixels) 

15215030 89.3 (293) 13.4 (44) 2L-2S 3.65 (12) 3 (10) 
16.5 
(54) 

36 25-50 Case-A 5453×1091 

Figure 6.5 – Stitched Deck RGB and Thermal Maps for Bridge 15215030 
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(a) RGB Map 

(b) Thermal Map 

Bridge ID 
Length 
m (ft) 

Width 
m (ft) 

No. of 
Lanes (L) 

and 
Shoulders 

(S) 

Lane 
Width 
m (ft) 

Shoulder 
Width 
m (ft) 

Height of 
Drone m 

(ft) 

No. of 
Images 

Image 
Overlap 

(%) 

Image 
Orientation 
Relative to 

Bridge 

Output 
(pixels) 

06185230 
7.4 

(253.9) 
9.1 (29.9) 2L 3.65 (12) 0.9 (2.95) 15.5 (51) 20 50-60 Case-B 4239×798 

Figure 6.6 – Stitched Deck RGB and Thermal Maps for Bridge 06185230 
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(a) RGB Map 

(b) Thermal Map 

Bridge ID 
Length 
m (ft) 

Width 
m (ft) 

No. of 
Lanes (L) 

and 
Shoulders 

(S) 

Lane 
Width 
m (ft) 

Shoulder 
Width 
m (ft) 

Height 
of Drone 

m (ft) 

No. of 
Images 

Image 
Overlap 

(%) 

Image 
Orientation 
Relative to 

Bridge 

Output 
(pixels) 

03239216 
52.2 

(171.3) 
11.6 

(38.1) 
2L-S 3.65 (12) 3 (10) 

15.4 
(50.5) 

15 25-50 Case-A 3534×1219 

Figure 6.7 – Stitched Deck RGB and Thermal Maps for Bridge 03239216 
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(a) RGB Map 

(b) Thermal Map 

Bridge ID 
Length 
m (ft) 

Width 
m (ft) 

No. of 
Lanes (L) 

and 
Shoulders 

(S) 

Lane 
Width 
m (ft) 

Shoulder 
Width 
m (ft) 

Height 
of Drone 

m (ft) 

No. of 
Images 

Image 
Overlap 

(%) 

Image 
Orientation 
Relative to 

Bridge 

Output 
(pixels) 

06158158 
36.3 

(119.1) 
11.6 

(38.1) 
2L-2S 3.65 (12) 3 (10) 

9.4 
(30.8) 

27 60-75 Case-A 3870×1120 

Figure 6.8 – Stitched Deck RGB and Thermal Maps for Bridge 06158158 
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(a) RGB Map 

(b) Thermal Map 

Bridge ID 
Length 
m (ft) 

Width 
m (ft) 

No. of 
Lanes (L) 

and 
Shoulders 

(S) 

Lane 
Width 
m (ft) 

Shoulder 
Width 
m (ft) 

Height 
of Drone 

m (ft) 

No. of 
Images 

Image 
Overlap 

(%) 

Image 
Orientation 
Relative to 

Bridge 

Output 
(pixels) 

03240216 
52.2 

(171.3) 
11.6 

(38.1) 
2L-1S 3.65 (12) 3 (10) 

15.3 
(50.3) 

17 25-50 Case-A 3233×1085 

Figure 6.9 – Stitched Deck RGB and Thermal Maps for Bridge 03240216 
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(a) RGB Map 

(b) Thermal Map 

Bridge ID 
Length 
m (ft) 

Width 
m (ft) 

No. of 
Lanes (L) 

and 
Shoulders 

(S) 

Lane 
Width 
m (ft) 

Shoulder 
Width 
m (ft) 

Height 
of Drone 

m (ft) 

No. of 
Images 

Image 
Overlap 

(%) 

Image 
Orientation 
Relative to 

Bridge 

Output 
(pixels) 

03239257 
52.2 

(171.3) 
11.6 

(38.1) 
2L-1S 3.65 (12) 3 (10) 

15.4 
(50.5) 

17 25-50 Case-A 2678×1082 

Figure 6.10 – Stitched Deck RGB and Thermal Maps for Bridge 03239257 
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(a) RGB Map 

(b) Thermal Map 

Bridge ID 
Length 
m (ft) 

Width 
m (ft) 

No. of 
Lanes (L) 

and 
Shoulders 

(S) 

Lane 
Width 
m (ft) 

Shoulder 
Width 
m (ft) 

Height 
of Drone 

m (ft) 

No. of 
Images 

Image 
Overlap 

(%) 

Image 
Orientation 
Relative to 

Bridge 

Output 
(pixels) 

06185190 
77.4 

(253.9) 
8.5 (27.9) 2L 3.65 (12) 0.6 (1.95) 9.8 (32) 36 25-50 Case-A 5856×1026 

Figure 6.11 – Stitched Deck RGB and Thermal Maps for Bridge 06185190 

6.4 Perspective View of Stitched Images 

The perspective view of stitched images can be corrected to be in the plan view of the deck for 

the ease of analysis. This can be done by selecting four points of the bridge deck (e.g., at bridge 

ends). Based on these points, perspective transformation matrix is estimated.  This matrix is 

used to map all the points in the distorted perspective view to their corresponding locations in the 

corrected (or desired) view (the plan view) of the stitched image: 

𝑥′ 𝑥 
[𝑦′] = 𝑇 [𝑦] (6.1) 

1 1 
where, 𝑥 and 𝑦 are the coordinates of a point in the source image (distorted perspective view), 

and 𝑥′ and 𝑦′ are the coordinates of the corresponding point in the destination image (corrected 

plan view).  The perspective transformation matrix, 𝑇, is a 3×3 matrix.  Figure 6.12 presents a 

sample of a corrected perspective for a bridge. 
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(a) Stitched RGB Image 

(b) Perspective Corrected RGB Image 

(c) Stitched Thermal Image 

(d) Perspective Corrected Thermal Image 

Figure 6.12 – Perspective Corrected RGB and Thermal Maps of a Bridge Deck 
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6.5 AI Based Delamination Detection for Bridge Decks using 2D Thermal Maps 

When the 2D thermal map of a bridge deck is ready, an AI model can be used to detect its 

delamination.  Note that in the thermal method, inspector annotations are not needed, which can 

significantly expediate field inspections. 

6.5.1 Selected Neural Networks for Thermal Data Analysis 

For thermal images, U-Net, a deep convolutional neural network (DCNN), was used as the base 

model to predict delamination in thermal images.  As discussed in Ch. 5, U-Net was developed 

by Ronneberger et al. (2015) to perform semantic segmentation in the medical field.  U-Net has a 

U-shaped encoder-decoder neural network architecture (e.g., Fig. 6.13 for thermal images). In 

the encoder part, double convolutional blocks were used along with max pooling layers.  

Rectified linear unit (ReLU) activation function was used between the convolutional layers.  The 

kernel size was 3×3 for each convolutional layer.  In the decoder part, transposed convolution 

layers with a kernel size of 2×2 were added.  Figure 6.13 shows the U-Net architecture used for 

thermal image dataset in the study.  Due to the model limitations, the input thermal images were 

resized from 640×512 pixels to 352×352 pixels. Furthermore, since the dataset was unbalanced, 

large pixels were related to the solid (undamaged) regions as compared with the delaminated 

regions, and the Dice loss function was used, which performs better for unbalanced dataset (Li et 

al., 2019).  No pre-trained model was used. 

Figure 6.13 – U-Net Architecture for Thermal Images 

In addition to U-Net, five variants of the U-Net architecture (Attention U-Net, Residual U-Net, 

Transformer ResU-Net, Recurrent Residual U-Net, and ResUNet++) were selected for 

performance comparison against the base U-Net model. 
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6.5.1.1 Attention U-Net 

Attention U-Net (Fig. 6.14) incorporates attention gate mechanism inside its architecture which 

helps the network to focus on pertinent regions of the image which can potentially improve the 

performance of the network (Oktay et al., 2018). The attention gate (Fig 6.15) takes the input 

from the previous decoder layer and a skip connection from the encoder layer which has high 

spatial resolution.  The attention gate reduces the dimension of the skip connection to match the 

dimension of the input from the lower decoder layer to add both the inputs.  This addition 

increases the value of aligned weights thereby putting more attention to those regions relative to 

the other parts of the input.  Then ReLU activation layer keeps the range of values between 0 to 

infinity.  After 1×1 convolution, a sigmoid layer is used to bring the values in the range of 0 to 1.  

Resampler matches the output to the size of skip connection so that point wise multiplication can 

be done.  This complete procedure helps the network to pay more attention to important regions 

in the input image. 

Figure 6.14 – Attention U-Net Architecture (Oktay et al., 2018) 

Figure 6.15 – Attention Gate used in Attention U-Net (Oktay et al., 2018) 
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6.5.1.2 Residual U-Net (ResUnet) 

Residual U-Net (ResUnet) employs residual skip connections in the encoder and decoder layers 

of the network (Zhang et al., 2018).  In the encoder part, the skip connection is added from the 

input to the output of the double convolution block.  Similarly, in the decoder part, the output 

from the encoder layer is added to the output of the decoder layer (Fig. 6.16). The residual 

connection improves the gradient flow within the network during training phase, thereby avoids 

vanishing gradient problem.  Zhang et al. (2018) compared performance of ResUnet and U-Net 

to segment roads in the field of remote sensing and obtained a precision of 91.8% using ResUnet 

while U-Net showed a precision of 90.5%. 

Figure 6.16 – Residual U-Net (ResUnet) Architecture (Zhang et al., 2018) 
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6.5.1.3 Transformer ResU-Net 

Transformer ResU-Net (TransResU-Net) employs Resnet as backbone in the encoder layer of U-

Net along with self-attention transformer (Fig 6.17). Transformers facilitate the capture of 

global contextual information (Tomar et al., 2022). Transformers consist of multi-headed self-

attention modules (Fig 6.18), where they calculate the attention weights for the input.  The 

transformer starts with the calculation of query, key and values, then the attention weights are 

calculated.  Transformers were first used in language models (Vaswani et al., 2017), but recently 

they are used in image analyses.  In language models, a transformer creates the token embedding 

for the words in a sentence using a token dictionary.  As the position of a word in a sentence is 

important from grammatical and contextual perspective, transformers also generate positional 

embedding.  Then these embeddings are used by multi-headed self-attention modules to calculate 

the dependency between different words.  Then the output is forwarded to a feedforward network 

which predicts the next word in the sequence.  For image data, a similar attention mechanism is 

applied to patches of the image instead of words in a sentence. The transformer model divides 

the image into smaller patches, flattens them, and applies the attention mechanism to obtain the 

relationships between these patches. In TransResU-Net, ResNet50 was proposed to be used as 

the backbone of the encoder part of the network. 

Figure 6.17 – Transformer ResU-Net (TransResU-Net) Architecture (Tomar et al., 2022) 

Figure 6.18 – Transformer (Vaswani et al., 2017) 
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6.5.1.4 Recurrent Residual U-Net (R2U-Net) 

Recurrent Residual U-Net (R2U-Net) utilizes recurrent convolutional layers to improve the 

feature extraction and segmentation of the image (Alom et al., 2018). The recurrent 

convolutional layers were provided in the encoder layers, and the recurrent up-convolutional 

layers were provided in the decoder layers of the network (Fig 6.19). This recurrent residual 

convolution improves the quality of the features extracted from the image data.  Alom et al. 

(2018) used R2U-Net to segment retina blood vessels in medical images. 

Figure 6.19 – Recurrent Residual U-Net (R2U-Net) Architecture (Alom et al., 2018) 

Figure 6.20 – Recurrent Residual Convolution Block used in R2U-Net Architecture (Alom et al., 2018) 

6.5.1.5 ResUNet++ 

ResUNet++ (Jha et al., 2019) comprises a residual block, attention mechanism, and Atrous 

Spatial Pyramidal Pooling (ASPP).  The attention blocks are integrated into the decoder block 

(Fig 6.21). The ASPP layer facilitates feature extraction at varying scales thus improving the 

accuracy of the network.  In the ASPP layer (Fig 6.22), convolution kernel of 3×3 can be used 

but the dilation rate can be 1, 2, 3 or 6 (Chen et al., 2017).  This dilation increases the receptive 
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field of the kernel.  The different sizes of the receptive field help the network to obtain features 

at different scales. 

Figure 6.21 – ResU-Net++ Architecture (Jha et al., 2019) 

Figure 6.22 – Atrous Spatial Pyramidal Pooling (ASPP) (Chen et al., 2017) 
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6.5.2 Normalization Methods for Thermal Images 

For the training of a neural network, the normalization of the image dataset helps with the 

optimization of network parameters during training and testing phases.  In this study, seven 

different methods of normalization of the thermal image dataset were evaluated for different U-

Net models.  These normalization methods were based on the average temperature, standard 

deviation, minimum temperature, and maximum temperature. 

Table 6.1 presents a summary of the thermal data normalization methods.  In the first method, 

the images were normalized based on the average temperature and the standard deviation of 

individual image.  In second and third methods, the minimum and maximum temperatures of the 

individual images were used to normalize each image.  For the fourth method, the minimum and 

maximum temperature values were 0°C and 60°C, respectively.  The thermal dataset had a 

maximum temperature of 60°C and a minimum temperature of 0°C.  In the fifth method, 

mathematically there was no normalization as the average temperature was 0°C and standard 

deviation was kept at 1.0°C which does not change the temperature values of the image.  In the 

sixth method, the average temperature of 38.5°C and a standard deviation of 3.5 were used which 

were based on the average temperature and standard deviation of thermal dataset.  In the seventh 

method, the average temperature was kept the same as 38°C. However, the standard deviation 

was reduced to 0.5°C to observe the impact of a lower standard deviation on the results.  

Table 6.1. Different Normalization Methods for Thermal Images 

Parameter Method-1 Method-2 Method-3 Method-4 Method-5 Method-6 Method-7 

Mean 

Temperature 

Variable per 
image - - - 0°C 38.5°C 38.5°C 

Standard 

Deviation 

Variable per 
image - - - 1°C 3.5°C 0.5°C 

Minimum 

Temperature 
-

Variable per 
image 

Variable per 
image 0°C - - -

Maximum 

Temperature 
-

Variable per 
image 

Variable per 
image 60°C - - -

6.5.3 Neural Network Model Training on Thermal Dataset 

PyTorch library was used to implement and train U-Net and its variants. The networks were 

trained using GPU (NVIDIA A100) of a high-performance computing cluster.  The original 

thermal images had a resolution of 640×512 but the images were resized for the training of the 

neural networks. Different image sizes were tested (256×256, 352×352, and 512×512 pixels) 

and an image size of 352×352 pixels was selected as it provided reasonable accuracy and 

computational efficiency.  Different batch sizes of 2, 4, 6, 8, and 10 were tested.  It was found 

that the lower batch sizes caused noises in the predicted segmentation masks, therefore the batch 

size of 10 was selected.  The number of epochs for training was set as 200.  Out of 5,456 original 

and augmented images, 80% of the image dataset was used to train the models and 20% was 

used to test the performance of the neural networks. The initial learning rate was selected as 

0.001 with an exponential decay over the time. Adam optimizer with a momentum value of 0.9 

was used to perform the optimization during the back propagation within the training loops.  The 

training and validation loss was monitored during the training loop.  
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Figures 6.23 to 6.28 show the training and validation loss for U-Net and its variants using the 

Method-1 of the thermal data normalization.  Later in Sec. 6.5.5, the performance of each 

normalization method is discussed.  The epoch with the lowest validation loss is also marked on 

the graph with dotted lines.  The epoch that corresponds to the best performance for U-Net, 

Attention U-Net, ResUnet, TransResU-Net, R2U-Net, and ResUNet++ was 159, 67, 49, 64, 17, 

and 47, respectively.  The validation loss at these epochs for U-Net, Attention U-Net, ResUnet, 

TransResU-Net, R2U-Net, and ResUNet++ had a value of 0.18, 0.28, 0.53, 0.24, 0.45, and 0.27, 

respectively.  The models at best epochs were then used for further evaluation as discussed next. 
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Figure 6.23 – Dice Loss of U-Net During Training and Validation on Thermal Dataset 
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Figure 6.24 – Dice Loss of Attention U-Net During Training and Validation on Thermal Dataset 
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Figure 6.25 – Dice Loss of ResUnet During Training and Validation on Thermal Dataset 
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Figure 6.26 – Dice Loss of TransResU-Net During Training and Validation on Thermal Dataset 
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Figure 6.27 – Dice Loss of R2U-Net During Training and Validation on Thermal Dataset 
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Figure 6.28 – Dice Loss of ResUNet++ During Training and Validation on Thermal Dataset 
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6.5.4 Performance Indices of Neural Networks on Thermal Images 

The validation dataset was used to assess the performance of the neural networks in detecting 

concrete delamination from thermal images.  To evaluate the performance of different neural 

networks, five different performance indices including the accuracy, precision, recall, F1 score, 

and Jaccard index were calculated as: 

𝑇𝑃 + 𝑇𝑁 
Accuracy: 𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 (6.2) 

𝑇𝑃 
Precision: 𝑇𝑃 + 𝐹𝑃 (6.3) 

𝑇𝑃 
Recall: 𝑇𝑃 + 𝐹𝑁 (6.4) 

2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙 
F1 Score: 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 (6.5) 

𝐴⋂B 
Jaccard Index: 𝐴⋃𝐵 (6.6) 

where, TP is the true positive, FP is the false positive, TN is the true negative, and FN is the false 

negative. If the pixel of an image belongs to a delaminated region in the ground truth and the 

model also accurately predicts it as a part of the delaminated region, then this will be labeled as a 

TP value.  For a solid region of concrete (no delamination), if both ground truth and prediction 

indicate that the pixel belongs to the solid region, then it is called TN.  The result from models 

will be FP if the model inaccurately predicts a solid region as delaminated.  If the model misses 

any delaminated pixel and inaccurately predicts it as a solid region then it is called FN.  These 

four parameters (TP, TN, FP, and FN) are then used to calculate the indices of Eq. 6.2 to 6.6. 

The five performance indices can range from 0 to 100%, where a higher value indicates a better 

performance for the network.  

The accuracy (Eq. 6.2) indicates the accuracy level of the model in identifying the delaminated 

and solid (no delamination) regions (e.g., how many delaminated and solid pixels are accurately 

identified).  For an unbalanced dataset such as the one that exists in the present study, the 

accuracy might be high and might not be a true representative of the performance of the network.  

The precision considers the positive values predicted by the network and measures the ratio of 

the accurate positive values to the sum of all positive values.  In other words, this performance 

index reveals that out of all the predicted delaminated pixels, how many truly belong to the 

delaminated regions.  On the other hand, the recall penalizes the model by including FN if it 

misses the delaminated regions. The F1-score depends on the precision and recall of the 

network.  The high values for precision and recall will translate into a high value for the F1-

score.  The Jaccard index provides information regarding the overlap between the actual and 

predicted delaminated regions in the image. 
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6.5.5 Effects of Different Thermal Data Normalization Methods on Network Performance 

Table 6.2 presents the performance of seven different normalization methods to predict 

delamination in thermal images using U-Net.  These performance parameters are based on 419 

validation images.  Figure 6.29 shows the performance of each normalization method.  Method-

1, where images were normalized based on the average temperature and the standard deviation of 

individual images, performed better in terms of accuracy (86%) in predicting delamination in 

thermal images.  In general, the normalization methods based on individual image values 

(Methods 1, 2 and 3) performed better than the normalization values based on the complete 

dataset.  Based on these findings, Method-1 was used to normalize the image dataset and to 

compare the performance of U-Net and its variants. 

Table 6.2. Performance of U-Net with Different Normalization Methods for Thermal Data 

Parameter Method-1 Method-2 Method-3 Method-4 Method-5 Method-6 Method-7 

Accuracy 86.2 86.1 85.9 84.3 81.9 24.2 40.8 

Precision 69.7 69.6 69.2 65.9 60.6 23.8 24.3 

Recall 75.8 73.1 74 70.6 63.4 26.3 28.1 

F1 score 67.4 66.9 67.2 63.5 57 36.1 32.6 

Jaccard index 54.5 53.9 54.1 50.1 43.4 23.8 21.6 
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Figure 6.29 – Performance of U-Net with Different Normalization Methods for Thermal Images 
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Figure 6.30 shows sample results for each normalization method along with the thermal image 

and its ground truth. The normalization based on the mean temperature and standard deviation 

of individual image (Method-1) was able to capture the precise location and general shape of 

delaminated regions in the thermal images. The results of Methods 6 and 7, where the single 

value of minimum and maximum temperatures were used to normalize the thermal images, had 

the lowest performance.  Method-6 predicted that all the pixels in the image were delaminated, 

which was not correct. Based on the performance parameters and sample predicted results for 

each normalization method, Method-1 was found as the best approach and was used in the 

software development phase. 

Ground 
Input Method-1 Method-2 Method-3 Method-4 Method-5 Method-6 Method-7 

Truth 

Figure 6.30 – Sample Delamination Detected by U-Net Using Different Normalization Methods for Thermal 
Images 

6.5.6 Performance of Neural Networks on Delamination Detection in Thermal Images 

Table 6.3 presents a summary of the performance of U-Net and its five variants in detecting 

delamination in thermal images. These performance parameters are based on 419 validation 

images.  U-Net outperformed the other variants in terms of all performance parameters (Fig. 

6.31). For the U-Net model using all the images of the validation set, the accuracy was 86.2%, 

the precision was 69.7%, the recall was 76%, the F1-score was 67.4%, and the Jaccard index was 

54.5%.  Attention U-Net was ranked second with an accuracy of 85.9%, a precision of 60.1%, a 

recall of 56.3%, an F1-score of 58.1%, and a Jaccard index of 54.1%.  ResUNet++ was ranked 

third with an accuracy of 85.8%, a precision of 60.8%, a recall of 55.1%, an F1-score of 57.6%, 

and a Jaccard index of 53.5%.  TransResU-Net had an accuracy of 83.6%, a precision of 44.4%, 

a recall of 30.9%, an F1-score of 34.1%, and a Jaccard index of 24.3%.  ResUnet had an 

accuracy of 78.8%, a precision of 10.6%, a recall of 47.6%, an F1-score of 17.3%, and a Jaccard 

index of 10.3%.  R2U-Net performance was the worst among all models with an accuracy of 

11.2%, a precision of 2.6%, a recall of 1.1%, an F1-score of 1.5%, and a Jaccard index of 0.8%. 
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Table 6.3. Performance Parameters for Different Variants of U-Net Architecture 

U-Net Attention U-Net ResUnet TransResU-Net R2U-Net ResUNet++ 
Parameter 

(%) (%) (%) (%) (%) (%) 

Accuracy 86.2 85.9 78.8 83.6 11.2 85.8 

Precision 69.7 60.1 10.6 44.4 2.6 60.8 

Recall 75.8 56.3 47.6 30.9 1.1 55.1 

F1 score 67.4 58.1 17.3 34.1 1.5 57.6 

Jaccard index 54.5 54.1 10.3 24.3 0.8 53.5 
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Figure 6.31 – Performance of Different Variants of U-Net Architecture in Detecting Delamination in Thermal 
Images 

Figure 6.32 shows sample results for all variants of U-Net as well as the original thermal images 

and their ground truth. It can be seen that U-Net performs better compared with the other neural 

networks. U-Net was able to capture the shape and precise location of delaminated regions in 

the thermal images. Attention U-Net was able to obtain the general shape and precise location of 

delaminated regions; however, some pixels related to delamination were missed.  TransResU-

Net underestimated the delaminated regions, even missed some portions of delamination, and 

was not able to generate correct shape of the delaminated regions.  R2U-Net missed large 

delaminated regions and was found to be the least accurate model.  In R2U-Net, recurrent 

convolution is used that might have suppressed the delaminated regions instead of making them 

more prominent.  As discussed earlier, the original R2U-Net was developed by Alom et al. 

(2018) for segmentation of retina blood vessels in medical images.  The blood vessels were 

prominent and exhibited high contrast against the background, thus the recurrent convolutional 

block facilitated feature extraction. However, in the case of delamination in thermal images, the 

boundary between delaminated and adjacent regions is not distinct, leading the recurrent 

convolutional blocks to suppress features, resulting in poor performance. In the case of 
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ResUNet++, the boundaries of predicted delaminated regions were not refined, and model 

underestimated the delaminated regions.  In general, the U-Net model performed better in 

obtaining precise location and general shape of the delaminated regions in thermal images.  

Based on these findings, the U-Net model was selected for further evaluation next, in which 

samples for the highest and lowest accuracies and performance on a bridge deck are presented. 

Input Ground U-Net Attention ResUnet TransResU- R2U-Net ResUNet++ 
Truth (%) U-Net (%) (%) Net (%) (%) (%) 

Figure 6.32 – Sample Delamination Detection by Different U-Net Models in Thermal Images 

6.5.7 Samples of Delamination Detections in Thermal Images Using Selected Model 

Figure 6.33 shows samples of delamination detections using the top model (U-Net) and 

normalization method when the performance of the model was high for validation image dataset.  

Furthermore, Fig. 6.34 shows sample detections when the performance indices were low. In 

both figures, the left image is the original thermal image that was fed to the neural network, the 

middle image is the ground truth, and the right image shows the predicted delaminated regions 

from the model. The accuracy of the U-Net model in some cases exceeded 90% (e.g., Fig. 6.33); 

however, poor predictions with a low accuracy of 56% (e.g., Fig. 6.34) were also observed.  

Note that the detections shown in Fig. 6.33 and 6.34 are the best and worst findings of the study.  

In most cases, U-Net overestimated the delaminated areas when compared with the ground truth 

thus reducing the performance measures of the model. The samples with the lowest accuracies 

as shown in Fig. 6.34 predicted a higher area for delamination while the actual delaminated area 

was smaller indicating that the top model is conservative in detecting the delaminated areas of 

bridge decks. 

Overall, U-Net was successful in predicting the location and area of the delaminated regions over 

the evaluation set.  
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Input Ground Truth Predicted 

Figure 6.33 – High Performance of Select Neural Network in Detecting Delamination in Thermal Images 
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Input Ground Truth Predicted 

Figure 6.34 – Low Performance of Select Neural Network in Detecting Delamination in Thermal Images 

Figure 6.35 shows individual RGB images of a bridge and their corresponding, overlayed 

thermal images. The outcome of the U-Net model (white areas of the image) is also included 

and superimposed on each image. The model accurately identified the hot areas of the deck as 
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delamination, similar to a human inspector. Furthermore, it successfully ignored false positives, 

such as hot expansion joints and railings, by not marking them as delamination. 

Input Thermal Image Warp on RGB Predicted Delamination by U-Net 
Image (White Patches) 

Figure 6.35 – Performance of Select Neural Network in Detecting Delamination in Individual Thermal 
Images Superimposed on RGB Images 

6.6 Samples of Delamination Detection on Thermal Maps of Bridge Decks 

A novel approach to detect delamination of concrete bridge decks using AI and thermal imaging 

was presented in Sec. 6.2. Following the same methodology, this section provides sample results 

in which the selected neural network, U-Net, was used to analyze thermal maps of bridge decks 

to develop delamination maps. 

After stitching the thermal images for the full length of each bridge (e.g., Fig. 6.36), the next step 

is to analyze the thermal information and detect delaminated regions.  The best U-Net model, as 

discussed in the previous sections, can be used in this task. First, small patches are extracted 

from the bridge 2D thermal map and are individually fed to the neural network.  A patch with a 

width (in the bridge transverse direction) that was equal to the width of bridge lanes (e.g., usually 

10-13 ft (3-4 m)) and a height (in the bridge longitudinal direction) of 500 pixels was found 

suitable.  Each successive patch (moving them in the bridge longitudinal direction) can have an 

overlap of 50% with the previous patch.  For example, a total of 36 patches were obtained for the 

bridge shown in Fig. 6.36. This bridge was 293 ft (89 m) long and had two lanes each 12 ft 

(3.65 m) wide. These individual patches are fed to the U-Net model and delamination masks for 

each patch are obtained.  The 2D delamination map of the whole bridge can be reconstructed 

from the predicted mask generated for each patch. 

Figure 6.36 shows a sample result in which the white color represents the detected delaminated 

regions of the bridge deck.  The figure also includes a corresponding ground truth map for this 
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bridge, which was obtained from the chain-drag method by an expert inspector.  Compared with 

the ground truth, the model showed an accuracy of 77% on the intersection over union.  As a 

global performance assessment, it was found that the total physical delaminated area (e.g., in2) of 

the prediction was 99% of that of the ground truth. Note that the thermal image showed higher 

temperatures at both ends of the bridge.  This was because vaulted (mostly hollow) abutments 

were used at the ends.  Overall, the neural network was reasonably accurate and was able to 

detect delamination, their location and areas on the entire bridge deck. 

(a) RGB Map 

(b) Thermal Map 

(c) Patch Size Used for Thermal Image 

(d) Overlapping Patches from Thermal Image 

(e) Ground Truth 

(f) Detected Delamination 

Figure 6.36 – Performance of U-Net in Detecting Delamination of an 89.3 m (293 ft) Long Bridge Deck 
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The same methodology to collect thermal data, to generate 2D RGB-thermal maps, and to 

analyze them using U-Net was successfully exercised on several other bridges.  Figures 6.37 to 

6.42 show the results for six bridges.  Unfortunately, the ground truth (using a chain-drag 

method) was not available for the entire decks of these six bridges.  Nevertheless, the 2D thermal 

maps can be used as the reference to check if U-Net is able to find defected areas. A ground 

truth solely based on the observed thermal images was generated by the research team to better 

understand the performance of U-Net on these bridges.  It is understood that this method is 

subjective and not in line with practice but was done to comment on the model’s performance.  

In Fig. 6.37, U-Net predicted the delamination in the concrete bridge deck with an accuracy of 

83% based on the intersection over union, and the global accuracy (area to area) was 99%. 

(a) RGB Image 

(b) Thermal Image 

(c) Ground Truth 

(d) Predicted Delamination 

Figure 6.37 – Performance of U-Net in Detecting Delamination of a 77.4 m (253.9 ft) Long Bridge Deck 
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In Fig. 6.38, U-Net predicted the delamination in the concrete bridge deck with an accuracy of 

81.5% based on the intersection over union, and the global accuracy (area to area) was 97%. 

(a) RGB Image 

(b) Thermal Image 

(c) Ground Truth 

(d) Predicted Delamination 

Figure 6.38 – Performance of U-Net in Detecting Delamination of a 52.2 m (171.3 ft) Long Bridge Deck 
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In Fig. 6.39, U-Net predicted the delamination in the concrete bridge deck with an accuracy of 

81% based on the intersection over union, and the global accuracy (area to area) was 88%. 

(a) RGB Image 

(b) Thermal Image 

(c) Ground Truth 

(d) Predicted Delamination 

Figure 6.39 – Performance of U-Net in Prediction Delamination on 36.3 m (119.1 ft) Bridge Deck 
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In Fig. 6.40, U-Net predicted the delamination in the concrete bridge deck with an accuracy of 

83% based on the intersection over union, and the global accuracy (area to area) was 97%. 

(a) RGB Image 

(b) Thermal Image 

(c) Ground Truth 

(d) Predicted Delamination 

Figure 6.40 – Performance of U-Net in Detecting Delamination of a 52.2 m (171.3 ft) Long Bridge Deck 

100 



 

  

  

 

 
  

 

 
  

 

  

 

  

     

 

  

In Fig. 6.41, U-Net predicted the delamination in the concrete bridge deck with an accuracy of 

83% based on the intersection over union, and the global accuracy (area to area) was 95%. 

(a) RGB Image 

(b) Thermal Image 

(c) Ground Truth 

(d) Predicted Delamination 

Figure 6.41 – Performance of U-Net in Detecting Delamination of a 52.2 m (171.3 ft) Bridge Deck 
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In Fig. 6.42, U-Net predicted the delamination in the concrete bridge deck with an accuracy of 

82% based on the intersection over union, and the global accuracy (area to area) was 97%. 

(a) RGB Image 

(b) Thermal Image 

(c) Ground Truth 

(d) Predicted Delamination 

Figure 6.42 – Performance of U-Net in Detecting Delamination of a 77.4 m (253.9 ft) Long Bridge Deck 

In summary, the proposed thermal map generation method, the selected neural network 

for thermal data analysis, and the thermal data normalization method were found to be 

viable methods of thermal image processing for detecting delamination of concrete 

bridge decks.  An area-to-area accuracy of 88% to 99% with an average accuracy of 96% 

was achieved for delamination detection across the seven bridges presented in this study. 
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CHAPTER 7 – RGB BASED STEEL GIRDER CONDITION 
ASSESSMENT WITH A HUMAN-IN-THE-LOOP METHOD 

7.1 Introduction 

Paint loss is a common type of damage observed in steel girders, often resulting from 

environmental exposure and aging. This damage is visible and can be identified using RGB 

imaging. In this study, a simple approach is proposed to assist bridge inspectors in assessing 

such damage. Inspectors can capture RGB images of steel girders, which are then corrected for 

lens distortions and perspective errors. The corrected images are then manually annotated by the 

user for visible defects. Using a known physical scale, the annotated damage can be quantified 

in terms of physical area. As a result, the process enables bridge inspectors and users to 

accurately estimate the defected areas of steel girders. 

7.2 Image Warping and Scaling 

High-resolution images of steel girders can be acquired using either drone-mounted RGB 

cameras or conventional handheld cameras. Among these, drone-based imaging offers a distinct 

advantage in terms of accessibility and viewpoint control, enabling the capture of orthonormal 

images that reduce perspective distortion. This is particularly useful when inspecting girders 

located in hard-to-reach areas or at elevated heights. However, even when images are taken at 

oblique angles whether due to site constraints or camera positioning, they can still be 

geometrically corrected through image rectification. This involves warping the image onto a 

reference plane so that the imaged surface aligns with a desired view. 

Figure 7.1 shows the proposed workflow for the inspection of steel girders.  An important 

preprocessing step in this workflow is the lens distortion correction, which compensates for 

nonlinear distortions introduced by the camera lens, such as barrel or pincushion distortion. 

These distortions can significantly affect spatial accuracy if not addressed. The process for 

computing and applying distortion coefficients is discussed in detail in Ch. 5. Once distortions 

are removed, the resulting undistorted image can be used to obtain damage map after geometrical 

transformations. 

To warp the corrected image onto a reference plane, the user manually selects four key points in 

the image that correspond to known locations on the girder typically at the corners or along the 

edges. These points serve as inputs to a homography transformation, allowing the image to be 

rectified so that girder appears as if viewed directly from the side, perpendicular to its 

longitudinal axis. The physical dimensions of the girder, such as its length and width, are 

typically available from structural drawings or can be measured during field inspections. 

Another option is the height and distance of steel girder stiffeners.  By aligning these known 

physical measurements with their corresponding pixel distances in the image, a pixel to physical 

scale ratio can be estimated. 

This scale calibration enables accurate spatial quantification within the image. Using the 

rectified and scaled image, inspectors can annotate regions of interest such as areas with paint 

loss, corrosion, or other surface defects. The annotated regions can then be quantified in terms 

of physical area, providing an objective and measurable estimate of the extent of damage. This 

approach enhances the precision of visual inspection of the steel girders for condition 
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assessment. Note that since the user is involved in the process, such technique is called a 

“human-in-the-loop” method in the field of Artificial Intelligence (AI). 

Figure 7.1 – Workflow for Steel Girder Defect Quantification Using a Human-in-the-Loop Method 

7.3 Manual Defect Annotation for Steel Girders 

To illustrate the process, consider a steel girder of a bridge shown in Fig. 7.2a. A conventional 

camera was used to capture the image.  Since the image was not captured at a 90° angle to the 

girder’s web, thereby the perspective and lens distortions should be minimized. The lens 

distortion was removed using the camera calibration parameters.  The corrected image was then 

used to correct the perspective of the girder by selecting four points along the girder (Fig. 7.2b). 

From the field, the distance between the four points and the depth of the girder (0.92 m or 3 ft) 

were measured.  Using this information, the image view was corrected, and pixel-to-length ratio 

was obtained.  Subsequently, the user manually annotated the defected regions (paint loss herein) 

of this steel girder, and the software generated a damage map with a condition state estimation 

per defect type (as defined in Ch. 3). For this example, the annotated region with pain loss had 

an area of 2.5 ft2 (0.23 m2). 
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(e) Collected RGB Image – Select Four Points 

(f) Perspective Corrected Image 

(g) Damage Map for Steel Girder 

(h) Damaged Map Overlayed on Steel Girder (Damaged Regions Shown in Red) 

Figure 7.2 – Sample 1 of Damage Assessment for Steel Girders Using a Human-in-the-Loop Method 

The proposed approach was implemented on different girders and images. For example, in Fig. 

7.3, the damaged region had an area of 9.72 ft2 (0.9 m2). The damaged region of the steel girder 

shown in Fig. 7.4 had an area of 5.79 ft2 (0.549 m2). 
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(a) Collected RGB Image 

(b) Perspective Corrected Image of Third Girder 

(c) Annotation of Damaged Regions 

(d) Damage Map for Steel Girder 

(e) Damaged Map Overlayed on Steel Girder (Damaged Regions Shown in Red) 

Figure 7.3 – Sample 2 of Damage Assessment for Steel Girders Using a Human-in-the-Loop Method 
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(a) Collected RGB Image 

(b) Perspective Corrected Image 

(c) Annotation of Damaged Regions 

(d) Damage Map for Steel Girder 

(e) Damaged Map Overlayed on Steel Girder (Damaged Regions Shown in Red) 

Figure 7.4 – Sample 3 of Damage Assessment for Steel Girders Using a Human-in-the-Loop Method 
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CHAPTER 8 – COMPUTER AIDED BRIDGE INSPECTION AND 
REPORTING SOFTWARE 

8.1 Introduction 

In the present study, the research team proposed three methods to detect defects of concrete 

bridge decks and to generate inspection reports using lidar data, drone based RGB imaging, and 

drone based thermal imaging.  Furthermore, a method to estimate steel girder defects was also 

developed.  In all these methods, computer vision techniques, a field of artificial intelligence 

(AI), were used.  

RGB data analysis for bridge decks using either lidar or drone imaging was discussed in Ch. 5. 

Thermal data analysis for bridge decks was discussed in detail in Ch. 6. Further, steel girder 

defect analysis from RGB images was discussed in Ch. 7. 

In the lidar based method, a three-dimensional (3D) scan of bridge decks is obtained using 

iPhone/iPad lidar sensor and augmented reality technique, and then a two-dimensional (2D) 

image of bridge decks is extracted from the 3D scan (point cloud). Subsequently, a neural 

network detects and quantifies paint marks from chain-drag inspections. Finally, a delamination 

map is generated. 

In the drone RGB-based method, a 2D map of bridge decks is first obtained by stitching several 

RGB images and then a neural network detects and quantifies the inspection paint marks. A 

delamination map is then generated including condition state per defect. 

The two RGB methods discussed above rely on the chain-drag method. Nevertheless, a drone 

thermal-based method can be used to assess the condition of bridge decks without any additional 

field work such as chain dragging. In days, delaminated regions of concrete appear hotter than 

solid (undamaged) regions in thermal images. In the proposed method, a 2D thermal map of 

bridge decks is first generated by stitching several thermal images of decks. Subsequently, the 

thermal map is analyzed using a neural network to detect the delaminated regions in bridge 

decks. Finally, a delamination map is generated. 

A human-in-the-loop method was proposed for condition assessments of steel girders, in which 

RGB images from either drones or conventional cameras are used.  In this method, RGB images 

are first corrected using camera parameters, then the perspective view is corrected to show the 

girders in their elevation view (perpendicular to the girder’s web). The perspective correction 

and scale of image (pixel to length) are provided by the user; thus, it is a human-in-the-loop 

method. Subsequently, the inspector/user annotates the defected regions of the steel girders. 

Finally, a defect map is generated. 

A user-friendly software, Bridge Computer Vision Inspection Tools (Br.CVIT), was developed 

by the research team implementing all of the above-mentioned methods and approaches.  The 

software (a screenshot is shown in Fig. 8.1) includes five modules to perform: (1) assessment of 

bridge decks using lidar data, (2) assessment of bridge decks using drone’s RGB images, (3) 
assessment of bridge decks using drone’s RGB-thermal images, (4) assessment of steel girders 

using single RGB image, and (5) calibration of RGB and thermal cameras.  A comprehensive 
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user guide was developed providing step-by-step procedures to perform each assessment.  This 

chapter presents a brief overview of the software. 

Figure 8.1 – Bridge Computer Vision Inspection Tools (Br.CVIT) Landing Page 

Figure 8.2 – Software Modules 

8.2 Software Module for iPhone Based Lidar Inspection of Concrete Bridge Decks 

As discussed in Ch. 5, the iPhone/iPad lidar imaging can be used to obtain 3D maps of bridge 

decks after completion of a chain dragging when the deck defects are color marked. After 

collecting the lidar data, the user can extract the 3D model files using web-based services such as 

PolyCam (Fig. 8.3). From PolyCam, export the following files: 

• .obj – the 3D object file 

• .mtl – the material file 

• .jpg – the texture image file 
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Figure 8.3 – 3D Map of a Bridge Deck Shown in PolyCam 

Once the object file has been extracted, the user can use module-1 (Fig. 8.4) of the software to 

generate a damage report. 

Module-1
Module-2

Module-5
Module-3 Module-4

Create New Point 
Cloud Deck Projects 

Figure 8.4 – Module-1 for iPhone-based Lidar Data 

The software then extracts a 2D map from the 3D mesh of the bridge deck (Fig. 8.5). 
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Figure 8.5 – Extracted 2D Map from 3D Mesh using Module-1 

The software allows the user to perform either an AI based detection for deck damages or 

manually mark them. At the end a combined map along with the information related to the 

damaged regions is generated (Fig. 8.6). 

Figure 8.6 – Sample Damage Report Generated by Module-1 
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8.3 Software Module for Drone Based RGB Inspection of Concrete Bridge Decks 

As discussed in Ch. 5, the drone-based RGB images can be used to obtain 2D RGB maps of 

bridge decks including paint markings by inspectors. After collecting the RGB images (Fig. 8.7 

and 8.8), the user can utilize module-2 of the software to generate a damage report of bridge 

decks. 

Figure 8.7 – Overlapping RGB Images of Bridge Deck with Delamination Marks 

Figure 8.8 – Sample RGB Image of a Bridge Deck with Delamination in Green 

Module-2 of the software removes camera distortions and stitches the individual RGB images 

together to generate a 2D RGB map of bridge decks (Fig. 8.9). 
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Figure 8.9 – Stitched 2D RGB Map of a Bridge Deck 

Similar to the previous module, the software allows the user to perform either an AI based 

detection for deck damages or manually mark them.  At the end, a combined damage map along 

with the information related to the damaged regions is generated (Fig. 8.10). 
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   Figure 8.10 – Sample Damage Report Generated by Module-2 
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8.4 Software Module for Drone Based Thermal Inspection of Concrete Bridge 
Decks 

As discussed in Ch. 6, drone-based thermal imaging can be used to obtain 2D thermal maps of 

bridge decks which can provide an insight to the condition of bridge decks.  The hot spots, which 

are the potential delaminated regions, can be identified by the neural network.  After collecting 

the RGB and thermal images (Fig. 8.11 and 8.12), the user can utilize module-3 of the software 

to generate a damage report of bridge decks. 

Figure 8.11 – Overlapping RGB Images of Bridge Deck 

Figure 8.12 – Overlapping Thermal Images of Bridge Deck 

Figure 8.13 – Stitched RGB and Thermal Maps of a Bridge Deck 
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Figure 8.14 – Sample Damage Report Generated by Module-3 

8.5 Software Module for Drone Based Inspection of Steel Girders 

As discussed in Ch. 7, RGB images of steel girders can be used to obtain a defect map. After 

collecting the RGB images (Fig. 8.15), the user can utilize module-4 of the software to generate 

a damage report for steel girders. 

Figure 8.15 – RGB Image of Steel Girders 
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Figure 8.16 – Corrected Perspective of Steel Girder Images Using Four Known Points 
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Figure 8.17 – Sample Damage Report Generated by Module-4 

8.6 Software Module for Camera Calibration 

As discussed in Ch. 5, camera calibration parameters are needed to stitch RGB and thermal 

images.  After collecting the RGB and/or thermal images (Fig. 8.18), the module-5 of the 

software can be used to obtain camera calibration parameters. 
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(a) RGB 

(b) Thermal 

Figure 8.18 – Sample RGB and Thermal Images for Camera Calibration 

Figure 8.19 – Sample RGB Camera Calibration Parameters Generated by Module-5 

118 



 

 

   

 

 

 

Figure 8.20 – Sample Thermal Camera Calibration Parameters Generated by Module-5 
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CHAPTER 9 – BEST PRACTICES FOR DATA COLLECTION 

9.1 Introduction 

During the course of the project, the research team exercised different data collection methods 

and practices, and found some of those, especially for lidar and thermal data, crucial for 

successful post-processing by the software.  This chapter provides guidelines on the best 

practices to obtain inspection data including iPhone/iPad lidar imaging, drone RGB imaging, and 

drone thermal imaging. 

9.2 Best Practices to Collect Lidar Data 

To obtain iPhone/iPad point-cloud data, PolyCam App, one of many applications available for 

such data, can be used.  The lidar data can then be exported to the software (Br.CVIT) using the 

Object format. The research team recommends the following as the best practices when 

collecting the lidar data. 

• Scan the bridge deck at height of 5 ft or less. 

• Scan one lane at a time. 

• Scan along the sunlight to avoid glare. 

Figure 9.1 – Data Collection Using iPhone/iPad Lidar Sensor 

9.3 Best Practices to Collect RGB and Thermal Data 

To obtain the RGB and thermal data of bridge decks, the research team recommends the 

following guidelines for the best outcomes. 

9.3.1 Flying Height of Drone from Concrete Bridge Decks 

Based on the resolution of RGB and thermal sensors, the drone flying height must be adjusted 

for preferred dimensions that can cover a lane, multiple lanes, or the full width of the bridge. 

The field of view for thermal cameras is narrower than that of RGB cameras, therefore it usually 
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controls the flying altitude for a desired view. 

For example, and as shown in Fig. 9.3, the entire width and length of a bridge can be viewed in a 

single image captured at a height of 300 ft (91 m) using a DJI Mavic 3T drone. However, the 

resolution of such image is low for AI models. Multiple images of the bridge deck can be 

collected at a lower height to be stitched together to obtain high resolution thermal map of the 

entire bridge deck.  In such cases, the flying height of the drone should be adjusted to obtain the 

full width of the bridge deck.  For example (Fig. 9.3), flying at a height of 15 ft (4.6 m) from the 

bridge deck covers a single lane of the bridge. To cover the full width of the bridge in Fig. 9.3, 

including two lanes each 12 ft (3.65 m) wide and two shoulders each 10 ft (3 m) wide, the drone 

was at a 50 ft (15 m) high from the bridge deck.  

Cover Single Lane Cover Full Width 

Figure 9.2 – Flying Height of Drone to Cover Single Lane and Full Width of Bridges 

RGB Images 

Height: 6.1 m (20 ft) Height: 9.14 m (35 ft) Height: 45.72 m (150 ft) Height: 91.44 m (300 ft) 
Thermal Images 

Height: 6.1 m (20 ft) Height: 9.14 m (35 ft) Height: 45.72 m (150 ft) Height: 91.44 m (300 ft) 

Figure 9.3 – Sample of Drone RGB-Thermal Images Collected at Different Heights from Bridge Decks 

9.3.2 Gimble Angle 

To better stitch individual images after collecting multiple images of a bridge deck, it is 

important to keep the gimble pointed directly downward (Nadir) instead of having a slanting 

angle (Fig. 9.4). Figure 9.5 provides sample images captured with different gimble angles.  The 

images collected at a slanting angle cause problems in image stitching procedure.  For example, 

Fig. 9.6 compares stitched image of a bridge based on the data collected at a slanting angle with 
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a stitched image obtained from images collected at the recommended angle. 

Nadir - Point Directly Downward (Recommended) Slanting Angle (Not Recommended) 

Figure 9.4 – Recommended Gimble Angle for RGB and Thermal Imaging 

Nadir - Point Directly Downward (Recommended) Slanting Angle (Not Recommended) 

Nadir - Point Directly Downward (Recommended) Slanting Angle (Not Recommended) 

Figure 9.5 – Sample Images with Different Gimble Angles 
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Slanting Angle (Not Recommended) 

Nadir - Point Directly Downward (Recommended) 

Figure 9.6 – Comparison of Stitched Images Based on Data Collected at Slanting Angle and Pointing 
Downward 

9.3.3 Overlap Between Thermal Images 

There should be an overlap between the successive RGB or thermal images of bridge decks.  An 

overlap of 30 to 60% is recommended (Fig 9.7). Note that since the field of view of existing 

thermal cameras is narrower than that of RGB, more images might be needed when collecting 

thermal data.  Adequate overlap provides a better image stitching outcome for bridge decks.  

Figure 9.7 – Required Overlap in Successive Drone Imaging 
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9.3.4 Suitable Time Period to Collect Thermal Image Dataset from Bridge Sites 

Bridge inspections usually start early in the morning and last for the whole day.  However, 

thermal gradients of the bridge decks may vary substantially from sunrise to sunset.  It is crucial 

to find the best times of days in which thermal data is viable and sufficient to detect deamination.  

Note one may collect thermal data at night; however, it is not common, and the neural network 

trained in the present project works only on the day data, where delaminated areas of concrete 

are hotter.  

To understand the best timeframe for thermal data collection, thermal images were captured for a 

bridge from 6 a.m. to 8 p.m. with two-hour intervals during a summer day at a latitude of 

45.1078764°N (South Dakota, USA).  Figure 9.8 shows the stitched thermal maps of the bridge 

deck for these 14 hours.  At 6 a.m., the delaminated regions were colder as compared to the 

intact regions of the concrete deck.  As the bridge absorbs heat during the daytime, the 

delaminated regions heat up more than the intact regions thus they appear as hot spots in the 

images.  From noon to 4 p.m., the delaminated regions were conspicuous as easily seen in the 

figures as hot spots.  In the evening, as the bridge got cooler, the delaminated regions started to 

fade out. 

To explore the deep learning model performance on these 14-hour data collection scheme, the 

central portion of the stitched images, the two traffic lanes, were cropped and then fed to the 

neural network.  Figure 9.9 shows the model detected delaminated regions.  Using the morning 

data, the neural network was not able to detect correct delaminated regions as the temperature of 

these regions was lower than the intact regions.  However, the model was consistent in detecting 

delamination using data obtained between noon and 4 p.m.  

It is understood that location and weather also play a significant role in collecting suitable 

thermal data for bridges.  Nevertheless, as a general guide and based on thermal maps and deep 

learning model performance to detect delamination, the study proposes to collect thermal images 

from concrete bridge decks from 11 a.m. to 5 p.m. at latitudes less than 46°N in the northern 

hemisphere.  The time window is expected to be shorter in higher latitudes such as Alaska. 
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Figure 9.8 – Suitable Time for Thermal Data Collection 
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Thermal Pedicted Delamination 

Data Collected at 6 a.m. 

Data Collected at 8 a.m. 

Data Collected at 10 a.m. 

Data Collected at 12 p.m. 

Data Collected at 2 p.m. 

Data Collected at 4 p.m. 

Data Collected at 6 p.m. 

Data Collected at 8 p.m. 

Figure 9.9 – Delamination Detection by Neural Network for Thermal Images Collected at Different Time of a 
Summer Day 
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CHAPTER 10 – SUMMARY AND CONCLUSIONS 

10.1 Summary 

Regular maintenance of transportation infrastructure such as bridges is crucial in extending their 

service life while reducing long term repair costs.  Transportation agencies such as the Federal 

Highway Administration (FHWA) seek emerging technologies and innovative programs to 

enhance asset management and maintenance.  Furthermore, timely inspections of bridges by 

trained personnel are mandated per national and state specifications.  The Alaska Department of 

Transportation and Public Facilities (DOT&PF) engineers inspect approximately 500 bridges 

each year.  In Alaska, approximately 44% of bridges are in good condition, 49% are in fair 

condition, and 7% are rated poor based on the 2023 National Bridge Inventory (NBI) data.  

In general, visual inspection is the common practice for inventory and routine inspections and is 

combined with other tools such as nondestructive evaluation (NDE) in other inspections for 

enhanced assessment.  The inspector must complete both an NBI inspection and an element level 

inspection for each bridge.  Nationwide, most steps of bridge inspections such as data collection, 

defect quantification, and damage reporting are done manually.  Furthermore, each of these steps 

is time consuming, error prone, and hard to repeat in the following inspections due to the manual 

nature of these activities.  Such measurements often require traffic control for the safety of the 

inspection crew, and the findings might not be consistent if done by different inspectors.  

Computer vision, a field of artificial intelligence (AI) that can analyze scenes at human level 

performance, can speed up defect identification and quantification only using images of bridge 

elements. Progress in computer aided analysis of visual imagery has initiated widespread use of 

computer vision tools in various tasks, including but not limited to object classification, 

categorization, detection, and generation by learning from provided datasets for specific tasks.  

Even though the academic and industry level developments are interesting and on the right track 

for field deployment, they usually lack practicality and are overwhelming for everyday users.  

For example, the academic-level computer programs are not as user-friendly as commercial 

software, and the industry-level software packages are so enlarged targeting multiple assets 

preventing them from being practical.  In summary, current tools do not fully address the needs 

of DOTs for routine bridge inspections. 

The primary objective of this project was to develop practical AI tools that help inspectors with 

defect detection and measurement and facilitate the inspection reporting following standard 

practices.  To achieve the project goals, a comprehensive literature review of the current 

scientific trend and AI tools was performed on delamination detection, bridge map generation, 

and damage state estimation.  Then, a new definition of condition states for delamination of 

concrete bridge decks and steel girder defects suitable for computer programming was proposed.  

Subsequently, more than 50 bridges were inspected, and a comprehensive dataset of inspector 

annotated delamination was compiled using iPhone-based lidar, conventional cameras, and drone 

based RGB and thermal cameras.  Images of steel girders with and without damages were also 

collected.  A novel approach to generate a thermal map for entire bridge using RGB and thermal 

images from drones was developed.  Calibration of RGB and thermal cameras was carried out to 

undistort the images. Homography matrices obtained from RGB image stitching were utilized to 

generate thermal maps of the entire bridge decks. Best practices to collect lidar, RGB and 
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thermal data from concrete bridge decks were also proposed.  Finally, an AI-based tool that can 

detect, quantify, and map the inspector’s annotations, and produce a delamination map of whole 
bridge deck including their condition states was developed for RGB images.  A separate AI-

based tool was developed for thermal images to identify the potential delaminated regions.  Since 

data normalization usually impacts training and model accuracy, seven different normalization 

methods based on the mean, standard deviation, minimum and maximum temperatures for 

thermal images were evaluated to obtain the best prediction of delamination. Furthermore, for 

inspecting bridge steel girders, a simple tool with a human-in-the-loop method was developed to 

allow users to remove camera distortions from RGB images, annotate steel girder defects such as 

paint loss in the image, and obtain the physical area of the damage. A user-friendly software, 

Bridge Computer Vision Inspection Tools (Br.CVIT), was developed by the research team 

implementing all of the above-mentioned methods and approaches.  

10.2 Conclusions 

The following conclusions can be drawn from this computer vision-based study on bridge 

inspections: 

• A new condition state definition was developed for delamination of concrete bridge 

decks.  The new definition enhances the physical interpretation of existing criteria in 

AASHTO by using definitive and quantitative measures at all four levels that are suitable 

for computer programming and automated analysis.  The new definition ensures greater 

alignment between manual assessments and computer-based analyses, improving the 

accuracy and consistency of damage evaluations. The definitions were implemented in 

Br.CVIT as default values and was found viable and repetitive.  

• A similar definition was developed for steel girders and were implemented in Br.CVIT. 

• A new image-lidar dataset of inspector annotated delamination was compiled after 

inspecting more than 50 bridges.  The images are particularly applicable in training 

neural network models to automatically detect and measure inspector-annotated 

delaminated areas.  This dataset contains 1,918 RGB photographs of inspector 

annotations and 18 lidar scans of bridge decks.  

• For detections of the inspector annotations on bridge decks in RGB images, three neural 

network models for image segmentation (U-Net, Attention U-Net, and Recurrent 

Residual U-Net) were evaluated following hyper-parameter tuning, image preprocessing, 

and augmentation.  The color and geometric augmentations of a somewhat small training 

dataset expanded the dataset to 70,000 to improve generalization and accuracy. U-Net 

was found to be the best model.  

• To detect delamination in thermal images, six neural networks for image segmentation 

(U-Net, Attention U-Net, Residual U-Net, Transformer ResU-Net, Recurrent Residual U-

Net, and ResUNet++) were evaluated. U-Net was found to be the best model.  

• Among seven methods to normalize the thermal image dataset, the normalization method 

based on the individual mean temperature and standard deviation performed better.  

• A method to generate high-quality bridge deck maps was developed to extract 2D bridge 

deck maps from reconstructed 3D mesh (point cloud) data.  This allows high accuracy in 

quantification of the annotated area by inspectors. 

• Thermal maps for several bridges were successfully generated using a novel approach 

based on RGB and thermal image stitching. 
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• A two-level assessment of the detection of delaminated areas in bridge decks using lidar 

data was conducted.  Local delamination assessment, which evaluates pixel-to-pixel 

correspondences, was conducted to measure the quality of the granular prediction.  The 

pixel-to-pixel level accuracy for RGB image was less than 75% for the best model. The 

global delamination assessment (area-to-area) exhibited, on the other hand, a near-to-

perfect performance with 99.5% accuracy over 18 bridges.  Furthermore, the global 

assessment confirmed that, regardless of the quality of the local assessment, the 

framework can quantify the area inside the delaminated spot with high accuracy. The 

accuracy of the neural network in detecting delaminated areas of 2D RGB maps of bridge 

decks obtained from drone RGB images was at 96%.   

• For thermal image dataset, the best U-Net model showed an accuracy of 77% to 83% in 

terms of intersection over union to predict delamination in concrete bridge decks.  As a 

global performance assessment, it was found that the total physical delaminated area of 

bridge decks detected by the AI model was on average 96% that of the ground truth for 

seven concrete bridge decks, indicating that the model is very accurate. 

• The proposed defect detection method for steel girders was also simple and reasonably 

accurate. 

Overall, the proposed multi-device computer-vision based study can expediate bridge deck 

inspections for delamination by automating the entire process of data analysis for point clouds, 

RGB, and thermal images, and damage identification and condition state estimation using neural 

networks. 
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