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PREFACE 
 
 
 
 

NOTICE 
 

 
The United States government and the State of New Mexico do 
not endorse products or manufacturers. Trade or manufactures’ 
names appear herein solely because they are considered essential 
to the object of this report. This information is available in 
alternative accessible formats. To obtain an alternative format, 
contact the NMDOT Research Bureau, 7500B Pan American 
Freeway NE, PO Box 94690, Albuquerque, NM 87199-4690, 
(505)-841-9145 
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This report presents the results of research conducted by the 
authors and does not necessarily reflect the views of the New 
Mexico Department of Transportation. This report does not 
constitute a standard or specification. 
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TASK 1: Personnel Training and Certification 
In this Section, a guideline is developed for either First-time Pilots or Existing Part 61 Certificate 
Holders. The first part of this guideline is for first-time pilots, and the second part of this guideline 
is for existing part 61 certificate holders. 

1.1 First-time Pilots 

1.1.1 Eligibility 

1) Be at least 16 years old 
2) Be able to read, speak, write, and understand English 
3) Be in a physical and mental condition to safely fly a drone 
4) Pass the initial aeronautical knowledge exam: "Unmanned Aircraft General –Small 
(UAG)" 
 

1.1.2 Steps to Become a Drone Pilot 

Step 1: Obtain an FAA Tracking Number (FTN) by creating an Integrated Airman Certification 
and Rating Application (IACRA) profile prior to registering for a knowledge test.10  

Step 2: Schedule an appointment with an FAA-approved Knowledge Testing Center. Be sure to 
register for the "Unmanned Aircraft General –Small (UAG)" test and bring a government-issued 
photo ID to your test. 

Step 3: Study UAG-related knowledge to pass the test. Knowledge test topic areas include: 

1) Applicable regulations relating to small unmanned aircraft system rating privileges, 
limitations, and flight operation 
2) Airspace classification and operating requirements, and flight restrictions affecting 
small unmanned aircraft operation 
3) Aviation weather sources and effects of weather on small unmanned aircraft 
performance 
4) Small unmanned aircraft loading and performance 
5) Emergency procedures 
6) Crew resource management 
7) Radio communication procedures 
8) Determining the performance of small unmanned aircraft 
9) Physiological effects of drugs and alcohol 
10) Aeronautical decision-making and judgment 
11) Airport operations 
12) Maintenance and preflight inspection procedures 
13) Operation at night 
 

Useful downloadable material to be reviewed: 

1) Unmanned Aircraft General Sample Questions (download here) 
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2) Remote Pilot –Small Unmanned Aircraft Systems Study Guide (download here) 
3) Title 14 CFR Part 107 (download here) 
4) Advisory Circular AC 107-2A (download here) 
5) Airman Knowledge Testing Supplement for Sport Pilot, Recreational Pilot, Remote 
Pilot, and Private Pilot (FAA-CT-8080-2H) (download here) 
6) Title 14 CFR Part 47 (download here) 
7) Title 14 CRF Part 48 (download here) 
8) Remote Pilot Airman Certification Standards (download here) 

Step 4: Pass the initial aeronautical knowledge test: "Unmanned Aircraft General –Small (UAG)".  

Step 5: Complete FAA Form 8710-13 for a remote pilot certificate (FAA Airman Certificate and/or 
Rating Application) using the electronic FAA Integrated Airman Certificate and/or Rating 
Application system (IACRA)* 

1) Login with username and password 
2) Click on "Start New Application": Application Type "Pilot", Certifications "Remote 
Pilot", Other Path Information, Start Application 
3) Follow application prompts 
4) When prompted, enter the 17-digit Knowledge Test Exam ID (Note: it may take up to 
48 hours from the test date for the knowledge test to appear in IACRA) 
5) Sign the application electronically and submit it for processing. 

Step 6: A confirmation email will be sent when an applicant has completed theTSAsecurity 
background check. This email will provide instructions for printing a copy of the temporary remote 
pilot certificate from IACRA as shown in Figure 1. 
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Figure 1. Temporary remote pilot certificate 

Step 7: A permanent remote pilot certificate (as shown in Figure 2) will be sent via mail once all 
other FAA-internal processing is complete. 

 
Figure 2. Permanent remote pilot certificate 

Step 8: Have your Remote Pilot Certificate available whenever you fly your UAS. 

1.2 Existing Part 61 Certificate Holders 
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1.2.1 Eligibility 

1) Must hold a pilot certificate issued under14CFRpart 61 

 2) Must have completed a flight review within the previous 24 months 

1.2.2 Steps to Become a Drone Pilot 

Step 1: Create an account, or log into your existing account, on the FAA Safety Team 
(FAASTeam) website. 

Step 2: Complete the Part 107 Small UAS Initial (ALC-451) online training course. The course 
will cover these topic areas: 

1) Applicable regulations relating to small unmanned aircraft system rating privileges, 
limitations, and flight operation 
2) Effects of weather on small unmanned aircraft performance 
3) Small unmanned aircraft loading and performance 
4) Emergency procedures 
5) Crew resource management 
6) Determining the performance of small unmanned aircraft 
7) Maintenance and preflight inspection procedures 
8) Operation at night 

Step 3: Create an account, or log into your existing account, in IACRA. 

Step 4: Complete Form 8710-13 for a remote pilot certificate (FAA Airman Certificate and/or 
Rating Application) in IACRA. 

1) Login with username and password 
2) Click on "Start New Application" and 1. Application Type "Pilot", 2. Certifications 
"Remote Pilot", 3. Other Path Information, 4. Start Application 
3) Follow application prompts 
4) Sign the application electronically and submit for processing. 

Step 5: Make an appointment with one of the following entities to validate your identity. Bring 
your completed Form 8710-13, proof of your current flight review, photo ID, and your online 
course completion certificate. 

1) At an FAA Flight Standards District Office (FSDO) 
2) With an FAA-designated pilot examiner (DPE) 
3) An airman certification representative (ACR) 
4) An FAA-certificated flight instructor (CFI)* 

Please note: *CFIs cannot issue temporary certificates. They can process applications for 
applicants who do not want a temporary certificate.13  

Step 6: The representative will sign your application and issue you a temporary airman certificate. 

1) You'll receive your permanent certificate via U.S. mail within several weeks. 

Step 7: Have your Remote Pilot Certificate available whenever you fly your UAS. 
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1.2.3 Requirements for Remote Pilot Certificate 

1) Must be easily accessible by the remote pilot during all UAS operations 
2) Certificate holders must complete an online recurrent training every 24 calendar months 
to maintain aeronautical knowledge recency 

 

TASK 2: Hardware Selection 
2.1 UAS Platform Selection 

Before integrating UAVs into the airspace, a few aspects, including equipment features, pilot 
protocols, object qualities, surroundings, and safety rules, must be considered. It is crucial to have 
a thorough awareness of these aspects to allow safe and effective operations [1]. Some equipment-
related aspects influence UAV performance including aerial system size and design, payload 
capacity and compatibility, battery capacity, control range distance, and duration for safe flight [2]. 
The typical UAV is composed of a frame, motors, control unit, onboard sensors, communication 
system, and power supply. Many UAVs display a dual tube substructure to make it easier to mount 
various payloads [3]. Fixed-wing, rotorcraft, multi-rotor drones, and hybrid vertical take-off and 
landing (VTOL) vehicles are the four common UAV designs [4]. Figure 3 shows examples of 
these different types of UAVs. 

    

Fixed wing Rotorcraft Multi-rotor drones Hybrid VTOL 

Figure 3. Common UAV types 

When delving into operational attributes and various airframes, fixed-wing drones mirror 
traditional aircraft, typically boasting larger sizes that efficiently cover extended distances. In 
comparison, rotorcraft UAVs employ rotating propellers integrated into their framework, akin to 
helicopters. Single-rotor drones exhibit enhanced efficiency over their multi-rotor counterparts. 
Functioning as compact helicopters powered by either gas or electricity, these single-rotor models 
represent a specialized niche. Among these, the multirotor UAV emerges, an evolution featuring 
multiple propellers extending from the core to amplify flight capabilities. This category finds 
common utility in applications such as aerial photography and surveillance. Variants include the 
Tricopter (with three rotors), Quadcopter (with four rotors), Hexacopter (with six rotors), and 
Octocopter (with eight rotors). Multirotor UAVs excel in intricate 3D mapping due to their agility 
and stability. Conversely, rotorcrafts demand more finesse in manual piloting compared to 
multirotors, thanks to their enhanced controllability, increased lift capacity, and built-in 
redundancy in case of motor malfunction. Measurement errors may arise from the UAV's 
instability or heightened maneuverability. Lastly, hybrid VTOL UAVs amalgamate fixed-wing 
and multirotor configurations, initially ascending vertically before transitioning into horizontal 
flight [2].  
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Several additional factors come into play when choosing the right platform for inspections. For 
close-range assessments, the chosen platform must possess the ability to maintain stability, even 
in the face of strong gusts. Typically, optimizing flight duration is paramount for various 
applications, often hinging on payload capacity and battery performance. A larger payload 
capacity allows for the accommodation of more sensors, but this can sometimes compromise 
overall flight time. Conversely, camera resolution and the desired quality of surveys can also 
influence flight duration. This is due to the correlation between higher-resolution cameras and the 
potential for shorter flight paths [2]. The choice of the appropriate UAV platform and sensors has 
proven to be a difficult problem due to UAV performance requirements related to flights close to 
the bridge structure (e.g., turbulent flow characteristics around the bridge) and terrain 
characteristics (e.g., surface roughness, temperature, and humidity) [5]. This includes positioning 
and maneuvering the UAV around or under bridges (operations prohibited by GPS) [6] and the 
stability of the platform in windy situations, where turbulence and other aerodynamic phenomena 
cause unpredictable wind effects [7]. The main difficulties in maximizing the UAV for bridge 
inspections are striking a balance between payload capacity, endurance, vehicle stability, and 
navigational capabilities. Figure 4 indicates the parameters for UAV platform selection. A vehicle 
with a stabilizing gimbal that can change the camera pointing angle to any vertical angle, a camera 
with optical zoom for capturing high-resolution imagery while at a safe standoff distance, a vertical 
takeoff and landing capability, and the capacity to hover in place during the flight are examples of 
parameters and vehicle characteristics appropriate for bridge inspections. In addition, Figure 5 
shows some of the UAV platforms used in former studies. Figure 6 indicates the cost-endurance 
of these different UAV platforms. 

 
Figure 4. Considerable parameters for UAV platform selection 
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UAV DJI Mavic Aurelia X6 Standard 
LE 

DJI Phantom 4 senseFly Albris 

 

Price $2700 $5700 $3000 $2000 

Maximum 
Endurance 

31 minutes 45 minutes 30 minutes 22 minutes 

Payload 
Capacity 

1 kg 5 kg 1 kg N/A 

 

 
  

 
UAV 3DR Solo 3DR Iris DJI Inspire 1 Pro Bergen hexacopter 

Price $1000 $750 $3900 $6000 

Maximum 
Endurance 

15 min 22 min 18 min 30 min 

Payload 
Capacity 

1.5 kg 0.4 kg 3.4 kg 5 kg 

Figure 5. Examples of UAVs with some specs 
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Figure 6. Cost-endurance relation of different UAV platforms 

2.2 Payload Selection 

The choice of the best sensors for bridge inspection depends on several factors, including cost, 
flight time, mission objectives, the UAV's payload capacity, and navigational needs [6]. These 
factors are shown in Figure 7.  

 
Figure 7. Considerable parameters for payload selection 

The most important factor is the purpose of the inspection. Without considering the purpose of 
inspection, a suitable payload may not be chosen and consequently, it will lead to some problems 
in other steps such as low data quality or inappropriate data collection. Five common purposes are 
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defined in this study: crack detection, delamination, fatigue, 3D modeling, and corrosion. These 
purposes of inspection are discussed briefly below with the proper sensors.  

• Crack: Most of the studies mentioned crack detection as the basic and major application of 
bridge inspection using UAVs [3]. There are two primary steps in the image-based surface 
crack assessment method. Crack detection comes first, with the goal of removing noise and 
extracting cracked objects from the images. The extraction of crack edges and the 
calculation of crack characteristics, such as crack width and length, make up the second 
stage of crack assessment [2]. For this purpose, mostly RGB cameras are used to find 
cracks in the surface of bridges. Using optical cameras, the UAVs can take high-quality 
pictures from the bridge's difficult-to-reach regions. It is worth mentioning that due to the 
wide use of this purpose, the general framework of this study is generated for crack 
detection, but it can be applied for other purposes too with some adjustments. 

• Delamination: Deck delamination, also known as horizontal debonding in the deck's 
subsurface, is frequently a sign that the deck reinforcement has deteriorated due to 
corrosion. The shape and depth of delamination, environmental factors like air temperature 
and solar intensity, which introduce feature variation of the same delamination, and surface 
textures like cracks, color differences, patching, and road painting, which add external 
noise, are the current challenges for the purpose of delamination profiling through 
thermography [8]. 

• Fatigue: Fatigue cracks can have lengths less than 7 mm and diameters as small as 0.1 mm, 
and they are exceedingly difficult to discern. Inaccessible areas such as huge cross frames, 
welded stiffeners, or other complex geometries are typically where fatigue cracks develop 
in the superstructure. Commonly, RGB and IRT cameras are utilized to identify fatigue 
cracks. The effectiveness of UAV-based fatigue crack detection is greatly influenced by 
the platform that is used, the environment, and the lighting [9]. 

• 3D Modeling: Bridge managers can view geometric data, such as damage location, and 
surface condition, such as damage kind and amount, by using 3D models of the structures, 
which provide a base from which damage information can be compared. To create 3D 
models, RGB cameras and LiDAR sensors can be used [10]. Photogrammetry creates 3D 
points from a set of 2D photos collected from various angles and positions all around the 
structure, as opposed to LiDAR, which often contains more 3D points. Photogrammetry 
has a higher processing cost and lower accuracy than LiDAR because it compares image 
attributes to build the 3D points. However, UAV-based LiDAR systems need expensive 
LiDAR sensors and GPS systems, which reduce battery life by adding more payload to the 
system, whereas photogrammetry merely needs an optical sensor. 

• Corrosion: A positive charge is released during the electrochemical process of corrosion, 
which results in the formation of a stable compound. Despite some corrosion on the 
underlying metal components, such as the steel reinforcement used in bridge concrete, the 
surface of steel bridges experiences a great deal of corrosion. The most popular cameras 
for detecting corrosion are RGB and IRT cameras. Although infrared thermography is a 
promising technique for measuring, mapping, and detecting corrosion, more study is 
required before it can be used perfectly in the field [11]. 
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Table 1 gives a summary of 3 commonly used payloads and some other information that is 
effective for the suitable payload selection. It is worth mentioning that if needed, using multi-
sensors is possible if they are compatible with the UAV platform. 

Payload Type Weight Range (kg) Mission Limitations 

Visual Camera 0.1 - 1 

-Crack Detection 

-Fatigue 

-Delamination 

-Corrosion 

-3D Modeling 

- Vibration and wind 
effect 

- Lightning condition 

- GPS deprived 
navigation 

IRT Camera 0.2 – 1.5 
-Fatigue 

-Delamination 

- Low pixel resolution 

- Inspection time 
affects the results 

LiDAR Sensor 1.3 – 2.8 -3D Modeling 
- High weight 

- High price 

Table 1. Specifics of different payloads and their limitations 

2.3 Recommendations 

UAV platform selection: 

• Type of Drone: Select the drone based on the application. For bridge inspection, a multi-
rotor UAV is recommended. 

• Stability: Prioritize drones with advanced stabilization systems to handle varying wind 
conditions and ensure precise data collection. 

• Payload Capacity and Compatibility: Choose a drone with sufficient payload capacity to 
accommodate necessary sensors and cameras without compromising flight time. 

• Flight Duration: Balance payload capacity and battery performance to achieve a suitable 
flight duration that covers the inspection area effectively. An extra battery is recommended. 

• Cost Efficiency: Evaluate the costs associated with the drone, additional equipment, and 
maintenance to align with your budget. 

Payload Selection: 

• Camera or Sensor Type: Select cameras or sensors that align with the inspection objectives. 
Consider RGB cameras for visual inspections, thermal cameras for detecting structural anomalies, 
or LiDAR for generating detailed 3D models. 

• Resolution and Accuracy: Select cameras or sensors with appropriate resolution and 
accuracy levels to capture the required level of detail for the inspection. 
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• Integration: Ensure that the chosen payload can be seamlessly integrated with your drone's 
existing systems and can be easily attached and removed when needed. 

• Cost-Effectiveness: Balance the capabilities of the payload with its cost to ensure it meets 
your inspection requirements within your budget. 

 

TASK 3: Pre-flight Preparation for Data Collection 
3.1 Flight Path Planning 

A well-planned flight path is of paramount importance when using UAVs for inspection operations. 
To unlock the full potential of the UAV, the mission must be carefully designed to encompass all 
inspection targets [12], [13]. However, path planning for UAV-based bridge inspection presents 
challenges in finding the optimal or near-optimal path. The flight path comprises a set of camera 
positions from which images will be captured. These camera positions are determined by their 
horizontal and vertical distance from the object, as well as the angle of the camera. In the following 
two subparts of this section, we will delve into discussions on camera positions and flight path 
planning, exploring the crucial aspects of these elements in UAV-based bridge inspection [14]. 

In the process of selecting camera positions, one of the key considerations is the Ground Sampling 
Distance (GSD). The Ground Sampling Distance refers to the distance between two consecutive 
pixel centers measured on the ground. It plays a crucial role in determining the spatial resolution 
of the image and the level of visible details. A larger GSD value corresponds to lower spatial 
resolution, resulting in fewer visible details in the captured images. Figure 8 provides a visual 
representation of GSD and its associated parameters, illustrating its significance in the context of 
UAV-based bridge inspection. 

 
Figure 8. GSD example with related parameters 

As shown in Figure 8, H is the flight height in meters, imW is the image width in pixels, F is the 
real focal length of the camera in millimeters, SW is the sensor width in millimeters, and GSD is 
the ground sampling distance in centimeters/pixels. 

The equation for calculating the GSD is: 

𝐺𝐺𝐺𝐺𝐺𝐺 = 𝑆𝑆𝑤𝑤×𝐻𝐻
𝐹𝐹𝑅𝑅×𝑖𝑖𝑖𝑖𝑖𝑖

× 100   (1) 
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It is important to decide on the GSD value before starting the image acquisition in order to adjust 
the flight height and the camera specifications to the project requirements. From equation (1), the 
required flight height can be calculated if the GSD is defined for an inspection as below: 

𝐻𝐻 = 𝐺𝐺𝐺𝐺𝐺𝐺×𝐹𝐹𝑅𝑅×𝑖𝑖𝑖𝑖𝑖𝑖
𝑆𝑆𝑤𝑤×100

   (2) 

Also, by knowing the image height width and height of the single image footprint on the ground 
(distance covered on the ground by one image in width and height directions) can be calculated as 
below: 

𝐷𝐷𝑤𝑤 = 𝐺𝐺𝐺𝐺𝐺𝐺 × 𝑖𝑖𝑖𝑖𝑖𝑖   (3) 

 

𝐷𝐷𝐻𝐻 = 𝐺𝐺𝐺𝐺𝐺𝐺 × 𝑖𝑖𝑖𝑖𝑖𝑖   (4) 

where imH is the image height in pixels, and 𝐷𝐷𝑤𝑤,𝐷𝐷𝐻𝐻 are the width and height of a single image 
footprint on the ground in meters respectively. 

The selection of GSD and camera positions depends on the specific purpose of the inspection and 
the characteristics of the payload. Debus et al. propose three distinct levels of interest for 
conducting the inspection, [12]. 2.0 mm/pixels, 1.0 mm/pixels, and 0.1 mm/pixels are defined as 
level 1(for rough geometry), level 2 (for detailed geometry), and level 3 (for crack detection) of 
interest respectively, which provides valuable guidance for tailoring the GSD and camera positions 
to effectively meet the inspection objectives. Also, according to the Specifications for the National 
Bridge Inventory 2022 (SNBI), the following quantitative standards are considered to categorize 
the cracks by their width: 

• Insignificant - crack width less than 0.004 inches (prestressed) or 0.012 inches (reinforced), 
or medium width cracks that have been sealed. 

• Medium - crack width ranging from 0.004 – 0.009 inches (prestressed) or 0.012 to 0.05 
inches (reinforced). 

• Wide - crack width wider than 0.009 inches (prestressed) or 0.05 inches (reinforced). 

While the defined levels of interest are valuable as a starting point, it is crucial to recognize that 
they may need to be adjusted based on the specific requirements of each inspection task. Different 
cases may demand varying levels of interest to effectively address the inspection objectives. 
Additionally, even when flying at a constant height, the images captured during the project may 
exhibit variations in GSD. These discrepancies arise due to differences in terrain elevation and 
changes in the camera angle during image capture. To ensure comprehensive coverage and 
accurate data collection, it is generally recommended to have at least a 50% overlap of images 
between consecutive camera positions, as suggested by various studies [15]. This overlapping 
ensures that critical details are captured redundantly, minimizing the risk of missing essential 
information. 

Once a set of points has been chosen, taking into account the previously mentioned parameters, 
the next crucial step is to determine the most optimum or near-optimum flight path. This task poses 
a challenging optimization problem, as it involves minimizing flight time (energy) or path while 
considering all relevant parameters. 
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3.2 Camera Calibration 

Camera calibration is an essential step to extract metric data from 2D photos in 3D computer 
vision. Over the years, numerous studies have explored camera calibration, initially in the field of 
photogrammetry and more recently in the computer vision community [16], [17]. In aerial images, 
pre-calibration or on-the-job calibration is frequently used to handle camera parameters, such as 
intrinsic parameters and lens distortion coefficients. The goal of camera calibration is to establish 
the relationship between the 3D world coordinates of the object and their corresponding 2D image 
coordinates, forming the projection matrix. 

We assume a point on the object such as 𝑋𝑋𝑤𝑤 and the projection of this point in the captured image 
such as U. Coordinates of these points are as shown below: 

𝑋𝑋𝑤𝑤 = �
𝑥𝑥𝑤𝑤
𝑦𝑦𝑤𝑤
𝑧𝑧𝑤𝑤
�     (5) 

𝑈𝑈 = �𝑢𝑢𝑣𝑣�     (6) 

Where 𝑥𝑥𝑤𝑤 ,𝑦𝑦𝑤𝑤, 𝑧𝑧𝑤𝑤 are the coordinates of a known object in millimeters or inches, and u, v are the 
coordinates of the projection of that known point in the captured image in pixels. This can be done 
for every corresponding point of object and captured image. For each corresponding point i in the 
scene and image, we get a mapping from the point in 3D coordinates to the image coordinates in 
2D using a projection matrix: 
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⎥
⎥
⎤
   (7) 

As shown in equation (7), the only unknown matrix is the projection matrix which should be 
estimated.  

With the fundamental steps for camera calibration, specifically for reference object-based 
calibration, various patterns and benchmarks can be utilized to perform the calibration. In this 
study, the commonly used and straightforward checkboard pattern is employed. Figure 9 displays 
the two checkboard patterns utilized for camera calibration in this study. Checkboard patterns are 
selected because of their simplicity and almost all the calibration tools are compatible with this 
type of benchmark. The control points for this pattern are the corners that lie inside the 
checkerboard. Because corners are extremely small, they are often invariant to perspective and 
lens distortion. The calibrator apps can also detect partial checkerboards, which can be useful when 
calibrating cameras with wide-angle lenses. A checkerboard should contain an even number of 
squares along one edge and an odd number of squares along the other edge, with two black corner 
squares along one side and two white corner squares on the opposite side. This enables the app to 
determine the orientation of the pattern and the origin. The calibrator assigns the longer side as 
the x-direction. A square checkerboard pattern can produce unexpected results for camera 
extrinsics. 

In general, the checkboard size will not affect the camera calibration process or intrinsic and 
extrinsic camera parameters very much in mathematical representation. However, it is important 
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practically but, if their size is within the recommended ranges for calibration tools (such as 15, 20, 
30, 40, 50, or 60 millimeters) considering the distance from the target, it will not affect the crack 
detection. If the check squares are very small, probably the corners of the squares will not have 
appropriate quality and that will make the data "noisier". It is worth noting that more squares (more 
corners between squares) will give better results since there will be a more overdetermined system 
of equations to be solved [18]. 

 
Figure 9. Checkboard patterns for camera calibration. (a) 297 mm×400 mm with check square 

size of 50mm (b) 400 mm×600 mm with check square size of 40mm 

For the purpose of camera calibration in this study, the MATLAB camera calibration toolbox will 
be used which uses a robust feature detection algorithm based on Zhang’s method [19], [20], and 
this approach will help to reduce potential errors related to feature point detection. By using this 
method and the checkboard benchmarks shown above, the internal and external parameters of the 
camera will be determined. The first important parameter is the reprojection error which is the 
distance between a pattern key point detected in a calibration image, and a corresponding world 
point projected into the same image. The acceptable and recommended mean reprojection error is 
less than 1 pixel but an error less than 0.5 pixel is better for a good alignment [21]. Another 
parameter to consider is the focal length in the x and y directions (𝑓𝑓𝑥𝑥,𝑓𝑓𝑦𝑦) which is in pixels, and 
the relation between this focal length and real focal length (F) is shown below: 

𝑓𝑓𝑥𝑥 = 𝐹𝐹 × 𝑠𝑠𝑥𝑥   (8) 

𝑓𝑓𝑦𝑦 = 𝐹𝐹 × 𝑠𝑠𝑦𝑦   (9) 

Where F is the focal length in millimeters, and 𝑠𝑠𝑥𝑥, 𝑠𝑠𝑦𝑦 are the number of pixels per millimeter in the 
x- and y-direction respectively. 

In the methodology proposed in this study, there are two kinds of camera calibrations. In-lab 
camera calibration is a one-time calibration, and it is beneficial for flight path planning based on 
the intrinsic and extrinsic parameters of the drone’s camera where this calibration gives a better 
understanding of the required flight plan considering different camera positions (different heights 
and angles) and their corresponding reprojection errors and distortion. On the other hand, the 
results of the on-site calibration will give the parameters considering the real-world conditions for 
the bridge inspection and due to the stability issues with the drones, these parameters from on-site 
calibration will result in calculating the exact GSD for the collected data which is crucial for the 
data processing and crack detection. While the required flight height was determined by using 
GSD from the previous section, considering the stability issue with UAVs, there would be a 
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tolerance in the on-site flight. But, using the focal length in pixels from calibration and by knowing 
the real focal length of the camera in millimeters, the exact GSD for each image can be easily 
found by using equations 8 and 9 which would be beneficial for more accurate crack detection. 
Other than stability, another source of error could be lighting conditions which have been 
considered and explained in the experiments. Also, some other potential sources of error could be 
lens distortion, human error, and other environmental factors. To mitigate these errors, as will be 
presented in the experiments, multiple images have been collected. 

Finally, the other important parameter is the radial distortion in the x (𝑅𝑅𝑅𝑅𝑥𝑥) and y (𝑅𝑅𝑅𝑅𝑦𝑦) directions. 
Radial distortion is the displacement of image points along radial lines extending from the 
principal point and it occurs when light rays bend more near the edges of a lens than they do at its 
optical center. 

3.3 Case Studies and Results 

3.3.1 Inspection Purpose and Bridges 

To evaluate the feasibility of the proposed framework, two case studies have been carried out. The 
purpose of the inspection is generally to detect cracks on the top surface and side surface of the 
bridge decks. 

Two bridges have been selected for the case study. The first bridge is located at 4.8 Mi N of Sierra 
C/L, New Mexico, United States (NBI bridge number: 01791). This bridge is in fair condition and 
consists of 5 simple spans at 39’ each, 6 steel girders per span, full-height concrete abutments with 
concrete wingwalls, concrete pier caps on concrete pier walls, and a CIP concrete deck, as shown 
in Figure 10. The second bridge is in satisfactory condition according to the reports of the New 
Mexico Department of Transportation and is located at 1.9 Mi W of NM-28/NM-359, New 
Mexico, United States (NBI bridge number: 06255). The bridge consists of 8 spans, 2 units of 4 
continuous spans at 54ft, 69ft-5in, 69ft-5in, and 54 ft, 5 rolled steel girders per span, concrete stub 
abutments, concrete pier caps on steel piles, and CIP concrete deck, as shown in Figure 11.  
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Figure 10. Profile view of the first bridge facing north (NBI number: 01791) 

 

 
Figure 11. Profile view of the second bridge facing south (NBI number: 06255) 

3.3.2 In-lab Calibration 

In-lab calibration using various camera positions would be helpful to understand the camera 
parameters which would be beneficial for flight path planning. Considering the flight height range 
based on inspection purposes and GSD, various images are captured from different heights, angles, 
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and directions. The results of the camera calibration for these sets of images will lead to better 
flight path planning and a better selection of camera positions for on-site bridge inspection.  

The in-lab calibrations take place in a parking lot at New Mexico State University. During this 
calibration process, three distinct sets of images are captured from various heights, angles, and 
directions. Each set contains 36 photos with different heights and angles (shown in Table 2), 
resulting in a total of 108 different images used for camera calibration. The calibration results are 
then categorized into three parts, corresponding to the camera's direction, namely south, east, and 
north. In Figure 12, an example of captured images is depicted, along with their detected and 
projected points used for in-lab calibration. This approach of using different groups of images in 
three separate sets makes it more convenient for an inspector or pilot to create a flight plan, taking 
into account the calibration results from these different image groups. This division aids in 
tailoring the flight plan according to specific camera orientations and ensures accurate imaging 
during the inspection process. 

 

Heights (m) Angles (°) 

0.5, 1, 1.5, 2, 2.5, 3 15, 30, 45, 60, 75, 90 

Table 2. Heights and angles for in-lab calibration for each direction 

 

 
Figure 12. Different pictures from in-lab calibration with shown detected and reprojected points 

Figures 13, 14, and 15 display the reprojection errors, overall mean error, and trendline obtained 
from data captured by the camera in the eastward, northward, and southward directions 
respectively. The overall mean reprojection error, as well as the focal length in the x and y 
directions, and radial distortion in the x and y directions are calculated based on equation 7, and 
by using MATLAB camera calibration, and presented in Table 3 for all three groups of images. 
When comparing the overall mean reprojection error with the individual error of each image within 
each group, it is observed that 41.7%,33.3%, and 36.1% of the images have a higher error than the 
mean error for eastward, northward, and southward groups respectively. Also, the images captured 
from the south direction have a noticeably lower overall mean error. It is worth mentioning that 2 



 
 

 
 

25 

images from the east side were rejected during calibration data processing due to the high reflection 
of sunlight on the benchmark. This analysis provides valuable insights into the accuracy and 
consistency of the calibration results for this set of images. By considering these results, the 
southward which is in the direction of the back to the sun has less mean reprojection error than the 
other sides and in this set of images, pictures with a height between 2m to 3m have fewer 
reprojection errors. Finally, the images which have been captured from angles 30 to 45 have less 
reprojection error. This information will be used in the next step for better flight path planning. 

 
Figure 13. The reprojection errors of the pictures from the east side and the overall mean error 

 

 
Figure 14. The reprojection errors of the pictures from the north side and the overall mean error 
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Figure 15. The reprojection errors of the pictures from the south side and the overall mean error 

 
 

East Direction 
Overall Mean Error 

(pixels) 
x Focal Length 

(pixels) 
y Focal Length 

(pixels) 
x Radial Distortion 

(pixels) 
y Radial Distortion 

(pixels) 
0.43 𝑓𝑓𝑥𝑥 = 3199 𝑓𝑓𝑦𝑦 = 3193 𝑅𝑅𝑅𝑅𝑥𝑥 = 0.0548 𝑅𝑅𝑅𝑅𝑦𝑦 = −0.2710 

North Direction 
Overall Mean Error 

(pixels) 
x Focal Length 

(pixels) 
y Focal Length 

(pixels) 
x Radial Distortion 

(pixels) 
y Radial Distortion 

(pixels) 
0.46 𝑓𝑓𝑥𝑥 = 2993 𝑓𝑓𝑦𝑦 = 2995 𝑅𝑅𝑅𝑅𝑥𝑥 = −0.0184 𝑅𝑅𝑅𝑅𝑦𝑦 = −0.2410 

South Direction 
Overall Mean Error 

(pixels) 
x Focal Length 

(pixels) 
y Focal Length 

(pixels) 
x Radial Distortion 

(pixels) 
y Radial Distortion 

(pixels) 
0.28 𝑓𝑓𝑥𝑥 = 3110 𝑓𝑓𝑦𝑦 = 3121 𝑅𝑅𝑅𝑅𝑥𝑥 = −0.0265 𝑅𝑅𝑅𝑅𝑦𝑦 = −0.0198 

Table 3. Results of the camera calibration for the images from the east side 

 

3.3.3 Flight Path Planning 

It's important to note that the real focal length of the visual camera provided by the manufacturer 
is 4.3 millimeters, which will be utilized for flight planning, particularly in determining camera 
positions and the image size is 4056 × 3040 pixels. In order to facilitate flight planning for this 
camera, various heights have been generated using the GSD equations and the camera's given 
specifications.  

For the purpose of this study and experiment, which focuses on the top and side surface crack 
detection on bridge decks (level 3 interest), two different flight heights have been chosen for the 



 
 

 
 

27 

inspection of the surface of the deck (2 and 3 meters) and three horizontal distances have been 
chosen for the inspection of the side of the deck (2, 3, and 4 meters) considering GSD calculations 
from flight path planning section and results of the in-lab camera calibration to achieve less image 
distortion and reprojection error in order to get more accurate results after data processing for crack 
detection.  

Regarding the bridge inspection, the focus is on the deck of the bridge, and the FAA regulations 
require the flight to be conducted away from the traffic. Therefore, the flights should be performed 
off the road near the edge of the deck. Also, it is worth mentioning that the UAV is equipped with 
LiDAR sensors to avoid obstacles or unexpected objects. 

The first bridge is oriented along the southeast to northwest direction, and for optimal lighting 
conditions, the flight will take place in the morning. It is preferred to capture photos from the east 
part of the deck to position the camera with the sunlight behind it. This arrangement will improve 
the image quality by minimizing unwanted reflections. Also, the second bridge is oriented along 
the east-to-west direction, and for the conditions mentioned above, the photos are captured from 
the south part of the bridge. Considering the length of the bridges, images are captured at intervals 
of 10 ft, ensuring a minimum overlap of 50% between consecutive images. A visual representation 
of the flight plan is depicted in Figure 16 for the first bridge. As shown in this figure, the flight 
paths for the top and side of the deck are straight lines parallel to the bridge orientation and with 
the transverse distances from the deck of the bridge as shown in Table 4 and Table 5. The positions 
of the UAV on the east part of the deck for photo capture are indicated by orange signs. 
Additionally, black rectangular signs mark the locations of benchmarks for camera calibration, 
located on the shoulder of the road, which will be discussed later. It is worth mentioning that the 
flight plan for the second bridge is similar to the first bridge and only the length of the bridge is 
different. Besides, for the second bridge only one unit of the bridge is inspected to have the same 
number of images for both bridges to ensure the comparison of the results will be more realistic.  

For the data collection, 4 different flight plans are generated for the top surface of the deck for 
each bridge and 3 flight plans are generated for the side surface of the deck for each bridge. These 
flight plans maintain the same locations for the UAV positioned along a straight line, but they 
differ in terms of flight height, camera angles, and transverse distances from the edge of the deck. 
Table 4 shows the flight plans for the top surface of the bridges and Table 5 shows the flight plans 
for the side surface of the bridges. 
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Figure 16. Schematic view of the flight plan for the first bridge (NBI number: 01791) 

Flight Number Flight Height (m) Transverse Distance (m) Camera Angles (°) 

1 2 1 30, 35 

2 2 2 30, 35 

3 3 1 30, 35 

4 3 2 30, 35 

Table 4. Flight plans for the top surface of the bridges 

 

Flight Number Flight Height (m) Transverse Distance (m) Camera Angles (°) 

1 0 2 0 

2 0 3 0 

3 0 4 0 

Table 5. Flight plans for the side surface of the bridges 

3.3.4 On-site Camera Calibration 

On-site camera calibration offers the advantage of using the same camera parameters and distortion 
values for the collected bridge inspection data. To achieve on-site camera calibration, benchmarks 
are attached to specific parts of the bridge that will be covered in the inspection images. Then, the 
camera calibration can be performed directly during the bridge inspection simply by capturing the 
photos. Also, the study is not only limited to the top of the deck, and a calibration process is tested 
for the side of the deck for both bridges. Although the results of camera calibration for the top of 
the deck can be used for the side of the deck, a separate calibration for the side surface would give 
better and more accurate results to use for the inspection of the side of the deck. The reason for 
this difference in the calibration of the top and side of the deck is generated from the different 
photographic situations and parameters. As an example, the camera angle during the data 
collection for the top of the deck is different from the angle of the camera for the side of the deck 
which is zero. Another example for this reason is the lighting and reflection of the light which is 
different for the top of the deck and side of the deck. 

 In Figure 17, a collection of images is displayed from the on-site camera calibration process 
conducted on the first bridge for the top surface and side surface of the deck for this study's 
experiment. As indicated in the flight path schematic, a total of 13 benchmarks are strategically 
placed on the bridge deck, positioned near the edge of the bridge at regular intervals of 
approximately 20 feet. 
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Figure 17. On-site camera calibration examples for the first bridge (NBI bridge number: 01791) 

A total of 104 images from the bridge inspection dataset are utilized from each bridge’s top surface 
for camera calibration and the estimation of camera parameters and reprojection errors. The 
specific details of these images, such as flight height, transverse distance from the edge of the 
deck, and camera angles have been presented in Table 4. For the side of the deck, 6 benchmarks 
have been used and a total of 18 images (from 3 flights) are captured for each bridge. The details 
of the flight are shown in Table 5. 

 In Table 6, the overall mean reprojection error, as well as the focal length in the x and y directions, 
and radial distortion in the x and y directions for the top surface of the first bridge are displayed 
for these 104 images undergoing on-site calibration. Also, in Table 7, the mentioned results are 
displayed for the side surface of the first bridge.  

Overall Mean Error 
(pixels) 

x Focal Length 
(pixels) 

y Focal Length 
(pixels) 

x Radial Distortion 
(pixels) 

y Radial Distortion 
(pixels) 

0.25 𝑓𝑓𝑥𝑥 = 3141 𝑓𝑓𝑦𝑦 = 2965 𝑅𝑅𝑅𝑅𝑥𝑥 = 0.0161 𝑅𝑅𝑅𝑅𝑦𝑦 = −0.0298 

Table 6. Results of the camera calibration for the images from on-site calibration for the top 
surface of the first bridge (NBI bridge number: 01791) 

Overall Mean Error 
(pixels) 

x Focal Length 
(pixels) 

y Focal Length 
(pixels) 

x Radial Distortion 
(pixels) 

y Radial Distortion 
(pixels) 

0.20 𝑓𝑓𝑥𝑥 = 4513 𝑓𝑓𝑦𝑦 = 4367 𝑅𝑅𝑅𝑅𝑥𝑥 = 0.0746 𝑅𝑅𝑅𝑅𝑦𝑦 = −1.3192 

Table 7. Results of the camera calibration for the images from on-site calibration for the side 
surface of the first bridge (NBI bridge number: 01791) 

Figure 18 visually represents the histogram of the reprojection mean errors of the images for the 
top of the first bridge and Figure 19 represents the same histogram for the side surface of the 
bridge. The first bin in each histogram shows the number of images with a mean error lower than 
the overall mean error. This graphical representation aids in understanding the distribution and 
dispersion of the reprojection errors within the dataset. Comparing the mean error of each image 
with the overall mean error reveals that 55% of the images have a lower mean error than the overall 
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mean error for the top surface of the first bridge and 56% of the images for the side surface have 
a lower mean error than the overall mean error. This analysis provides insights into the variations 
in calibration accuracy among the different images. Also, as mentioned before, these low 
reprojection errors are achieved by considering the results of the in-lab calibration, and the main 
advantage of this approach will be discussed in validation. 

 
Figure 18. Histogram for the distribution of the images according to their mean reprojection 

errors for the top surface of the first bridge (NBI bridge number: 01791) 

 

 
Figure 19. Histogram for the distribution of the images according to their mean reprojection 

errors for the side surface of the first bridge (NBI bridge number: 01791) 
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In Figure 20, a collection of images is displayed from the on-site camera calibration process 
conducted on the second bridge for the top and side surfaces of the deck for this study's experiment. 

 
Figure 20. On-site camera calibration examples for the second bridge (NBI bridge number: 

06255) 

In Tables 8 and 9, the overall mean reprojection error, as well as the focal length in the x and y 
directions, and radial distortion in the x and y directions for the top and side surfaces of the second 
bridge are displayed for undergoing on-site calibration. 

Overall Mean 
Error (pixels) 

x Focal Length  
(pixels) 

y Focal Length  
(pixels) 

x Radial Distortion 
(pixels) 

y Radial Distortion  
(pixels) 

0.29 𝑓𝑓𝑥𝑥 = 3165 𝑓𝑓𝑦𝑦 = 3002 𝑅𝑅𝑅𝑅𝑥𝑥 = 0.0277 𝑅𝑅𝑅𝑅𝑦𝑦 = −0.0519 

Table 8. Results of the camera calibration for the images from on-site calibration for the top 
surface of the second bridge (NBI bridge number: 06255) 

Overall Mean 
Error (pixels) 

x Focal Length  
(pixels) 

y Focal Length  
(pixels) 

x Radial Distortion 
(pixels) 

y Radial Distortion  
(pixels) 

0.14 𝑓𝑓𝑥𝑥 = 6627 𝑓𝑓𝑦𝑦 = 6585 𝑅𝑅𝑅𝑅𝑥𝑥 = 0.1661 𝑅𝑅𝑅𝑅𝑦𝑦 = −6.9088 

Table 9. Results of the camera calibration for the images from on-site calibration for the side 
surface of the second bridge (NBI bridge number: 06255) 

Figure 21 visually represents the histogram of the reprojection mean errors of the images for the 
top of the second bridge and Figure 22 represents the same histogram for the side surface of the 
bridge. The first bin in each histogram shows the number of images with a mean error lower than 
the overall mean error. This graphical representation aids in understanding the distribution and 
dispersion of the projection errors within the dataset. Comparing the mean error of each image 
with the overall mean error reveals that 68% of the images have a lower mean error than the overall 
mean error for the top surface of the bridge and 69% of the images for the side surface of the bridge 
have a lower mean error than the overall mean error. Comparing the results for the side and top of 
the deck for both bridges indicates that the percentage of images with lower mean error than the 
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overall mean error is almost the same for the side and top of each bridge (only a 1% difference for 
the side and top of each bridge). 

 

 
Figure 21. Histogram for the distribution of the images according to their mean reprojection 

errors for the top surface of the second bridge (NBI bridge number: 06255). 

 
Figure 22. Histogram for the distribution of the images according to their mean reprojection 

errors for the side surface of the second bridge (NBI bridge number: 06255). 
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It is worth mentioning that among all the flight plans mentioned before, the minimum reprojection 
mean error for both bridges is achieved in the flight with 3m height, 1m transversal distance, and 
a camera angle of 30 for the top surface and transverse distance of 3m for the side surface, which 
aligns with the results of in-lab calibration. This result would be beneficial for the future inspection 
and flight plans. 

3.3.5 Validation 

To evaluate the feasibility of the proposed method, validations have been conducted for case 
studies. Two cracks from the bridge deck side surface were chosen for validation investigations. 
The widths of the cracks were measured from both the raw and calibrated images and subsequently 
compared with the ground truth measured by the inspector.  

The width of the first crack is 0.51 mm, and the width of the second crack is 1.53 mm. The cracks 
are shown in Figure 23 and Figure 24 respectively. For crack detection in this study, the GSD is 
known from flight height and moreover, the accurate GSD is known from the calibration results 
which is another benefit of on-site camera calibration. By knowing the GSD, each pixel represents 
a known number of millimeters. The crack width is detected from raw data by image processing 
techniques, then the crack width is detected from the images after correction by using the 
calibration and reprojection results. For this purpose, first, the original image is converted to 
grayscale and the contrast of the grayscale image is enhanced. Then, adaptive thresholding is 
applied to create a binary image and finally, Gaussian smoothing is applied to the binary image to 
reduce noise and create smoother edges, facilitating more accurate crack detection. 

The crack width detection results considering the flight plans for the side of the deck, are shown 
in Table 10 for the first crack and in Table 11 for the second crack.  Finally, the percentage of the 
detection accuracy is compared between these two results. For both cracks, the results indicate that 
the result accuracy improvement is higher for the higher flight heights (more distance from the 
object). Also, the detected crack width is closer to the measured width in flight 2 which has a 3m 
distance from the object and it completely aligns with the results of camera calibration where the 
3m flight had the minimum reprojection error. Moreover, it is worth mentioning that for small 
dimension cracks the human measurement has more error, and using this kind of accurate crack 
detection techniques leads to better assessments of the bridge condition. 
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Figure 23. The first crack with a width of 0.51 mm on the side of the first bridge 

 

Flight Distance 
(m) 

Measured 
Width (mm) 

Detected Width from 
Raw Images (mm) 

Detected Width After 
Correction (mm) 

Result Accuracy 
Improvement (%) 

1 2 0.51 0.71 0.66 9.80 

2 3 0.51 0.71 0.62 17.65 

3 4 0.51 1 0.9 19.61 

Table 10. Results of the crack detection for the first crack from raw and corrected images 
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Figure 24. The second crack with a width of 1.53 mm on the side of the first bridge 

 

Flight Distance 
(m) 

Measured 
Width (mm) 

Detected Width from 
Raw Images (mm) 

Detected Width After 
Correction (mm) 

Result Accuracy 
Improvement (%) 

1 2 1.53 1.78 1.67 7.19 

2 3 1.53 1.77 1.55 14.38 

3 4 1.53 2.13 1.80 21.57 

Table 11. Results of the crack detection for the second crack from raw and corrected images 

The validation for the case studies indicates an improvement in result accuracy from 7.19% to 
21.57% and it shows that the improvement is higher in longer distances, which means that 
inspection can be done even in longer distances where more area is covered by each image and 
consequently less camera points are needed which leads to a shorter flight time. 

 

TASK 4: Software Development for Flight Path Optimization 
Among different UAV types, multi-rotor UAVs are flexible and can hover and vertically lift which 
results in higher maneuverability and makes them a suitable candidate to collect in-detailed data 
but on the other hand, they suffer from short endurance time [22]. To fully harness the time 
efficiency potential of the UAVs for inspection purposes, and to overcome the above-mentioned 
challenge of the short endurance time for multi-rotor UAVs, a well-planned flight path is crucial. 
UAV path planning involves addressing the optimal path planning for UAVs. The main goal of 
path optimization is to minimize energy consumption while ensuring the successful completion of 
the UAV’s mission.  
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Recently, some studies have been conducted for UAV flight path optimization by using meta-
heuristic algorithms. In contrast to typical optimization techniques, meta-heuristic algorithms' 
primary concept is based on simulating natural processes and does not require extensive 
mathematical computations during the optimization process [23], [24]. Over the past two decades, 
a multitude of meta-heuristic algorithms have been developed to aid in solving different 
optimization problems that were previously difficult or inconceivable to solve using mathematical 
programming algorithms. Genetic Algorithm (GA), Ant Colony Optimization (ACO), Particle 
Swarm Optimizer (PSO), Charged System Search (CSS), Colliding Bodies Optimization (CBO), 
and Shuffled Shepherd Optimization Algorithm (SSOA) are some of the meta-heuristic algorithms 
[25], [26], [27], [28], [29], [30].  The majority of these algorithms are easy to implement and 
provide optimal/near-optimal solutions in acceptable computation times even in complex search 
spaces [31].  

A heuristic evolutionary algorithm was presented by Fu et al. for the purpose of optimizing the 
flight path for a single path connecting two points. For 2D areas, they took into account the costs 
associated with path smoothness, length, and safety [32]. Yu et al. proposed a novel hybrid PSO 
algorithm for 3D complex environments [33]. In another 3D flight path planning in urban 
environments, Rienecker et al. used the extended A-Star-Algorithm for path optimization 
considering the wind field [34]. Phung et al. conducted research for flight path planning for surface 
inspection by using a discrete PSO optimization algorithm and tested the proposed method on an 
office building and a bridge [35]. For flight route generation between two points with obstacles 
between them, Zhang et al. proposed a new path-planning algorithm for UAVs based on a version 
of the White Shark Optimization (WSO) and defined the flight length, height, and smoothness as 
the constraints of the problem [36]. In another study for flight path optimization between two 
points, Bai et al. proposed an algorithm based on the enhanced Dynamic Window Algorithms 
(DWA) to achieve global path optimization by taking safety and motion constraints into 
consideration, and according to their findings, they achieved a better flight length even when the 
obstacles are unknown [37]. Also, in a recent study, Souto et al. conducted a method to lower the 
energy usage of drones by using the Q-Learning algorithm to analyze potential courses of action 
that the UAVs could follow in response to random urban obstacles distributed in the scenario and 
in response to wind speed [38]. The improvements, challenges, and future trends of UAV flight 
path planning and optimization have been studied and discussed in several studies [39], [40], [41]. 

One of the main challenges of coverage path planning is that the search space is infinite. Although 
this challenge was addressed in our previous study, the computation time was still high. 
Considering this challenge for software development, the optimization engine has been modified 
so that the area will be divided into a large set of points, and the optimum waypoints will be chosen 
from this set of points. For this purpose, several meta-heuristic algorithms are selected and used to 
find the optimal path on a continuous area, among these algorithms, PSO achieved better results 
and has been used for the software’s optimization engine where the area is not considered 
continuous and is divided into a set of points. By finding the optimum flight path, the challenge of 
the optimum flight path planning for area coverage and the challenge of the short battery lifetime 
of the UAVs will be addressed simultaneously due to the energy-saving resulting from the optimal 
path. 
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Key features of the software are mentioned below and will be discussed in the next section: 

1. Optimization Engine 
2. Constraint Handling 
3. Flight Path Conversion 
4. User Interface 

 
4.1 Optimization Engine 

The flight path comprises a set of camera positions from which images will be captured. These 
camera positions are determined by their horizontal and vertical distance from the object, as well 
as the angle of the camera. In this section, the crucial aspects of the optimization engine for the 
software will be explored shortly.  

The main component of the optimization engine is the meta-heuristic algorithm. The main idea of 
meta-heuristic algorithms is based on the simulation of natural phenomena and, unlike the 
traditional optimization methods, do not need to perform heavy mathematical calculations in the 
optimization process. Numerous meta-heuristic algorithms have been created within the last two 
decades to assist in fathoming optimization problems that were already troublesome or 
inconceivable to solve utilizing mathematical programming algorithms. Most of these algorithms 
are simple to implement and present (near) optimal solutions in acceptable computation times even 
in complex search spaces [15]. 

In this study, several meta-heuristic algorithms such as Particle Swarm Optimizer (PSO), Genetic 
Algorithm (GA), and Shuffled Shepherd Optimization Algorithm (SSOA) have been used to not 
only find the best flight path among these algorithms but also, to compare the results of the 
algorithms and their performance. After comparing the results for different missions with different 
constraints, PSO achieved better results compared to other algorithms. Therefore, for the 
optimization engine of the software, PSO will be used. 

Particle Swarm Optimization (PSO) is an optimization technique inspired by the social behavior 
of birds flocking or fish schooling. It operates by having a population (or swarm) of candidate 
solutions (particles) that move through the solution space to find the optimum. Each particle 
adjusts its position based on its own experience and the experience of neighboring particles, 
converging towards the best solution over iterations. Key parameters of PSO include the number 
of particles, the self-learning coefficient (which influences how much a particle is influenced by 
its own best-known position), the global-learning coefficient (which influences how much a 
particle is influenced by the best-known positions of its neighbors), and the inertia weight (which 
controls the impact of the previous velocity on the current velocity) [27]. 

By tuning these above-mentioned parameters appropriately, this study aims to leverage the 
strengths of PSO to effectively solve flight path optimization problems. For this purpose, Clerc 
and Kennedy’s constriction coefficient method [42] has been used in this study to tune the 
parameters to control the velocity update of particles for PSO. The selected coefficients and other 
parameters for PSO are shown in Figure 25. 
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Figure 25. Selected parameters for PSO 

Similar to most of the classical path optimization problems, the energy consumption of UAV flying 
is represented by the flight path length/time. The length of the path refers to the path from the 
starting point to the end point of the flight. The flight time has a direct relation to the path's length 
at constant speed, which in turn influences the UAV platform's energy consumption. Considering 
the length of the path as the objective function to minimize, the cost function is defined as below: 

 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙(𝑋𝑋) = 𝐿𝐿 = ∑ �(𝑥𝑥𝑖𝑖+1 − 𝑥𝑥𝑖𝑖)2 + (𝑦𝑦𝑖𝑖+1 − 𝑦𝑦𝑖𝑖)2𝑛𝑛−1
𝑖𝑖=1    (10) 

 

Where 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙 represents the length cost of the path in meters, L is the total length of the path in 
meters, and n is the number of points traversed by the path (waypoints) where the images are 
captured. 𝑥𝑥𝑖𝑖 ,𝑦𝑦𝑖𝑖 are the coordinates of the 𝑖𝑖th traversal point in meters. 

By having the 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙, the consumed energy during a flight can be found by the below equation: 

 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐸𝐸𝐸𝐸 = 𝐸𝐸𝑙𝑙′ × 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙   (11) 

 

Where 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐸𝐸𝐸𝐸  is the consumed energy (J) based on the flight length and 𝐸𝐸𝑙𝑙′  is the energy 
consumption rate based on the flight length (J/m) and it can be found either from the drone’s 
specifications or by experiments. 
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Under constant speed conditions, flight time is directly proportional to flight length, thus the 
consumed energy can be calculated by the following equation: 

 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐸𝐸𝐸𝐸 = 𝐸𝐸𝑡𝑡′ × 𝑡𝑡   (12) 

Where 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐸𝐸𝐸𝐸 is the consumed energy (J) based on the flight time, t is the flight time (s), 𝑉𝑉𝑎𝑎𝑎𝑎𝑎𝑎 is 
the average flight speed (m/s), and 𝐸𝐸𝑡𝑡′ is the energy consumption rate based on the time (J/s). 

Search space for the variables will consist of points that are generated specifically for the mission 
area and the number of the points is based on the dimensions of the area. The required number of 
waypoints for the flight path will be chosen from the initial points of the search space. 

 
4.2 Constraint Handling 
 
For flight path optimization there are three constraints that should be checked: area coverage, 
minimum overlap, and obstacle avoidance. To ensure that the whole inspection area is covered by 
the images taken from the traversal points, the area will be meshed and divided into small triangle 
areas that contain a set of m points, and each point has x and y coordinates ( 𝑀𝑀 =
{𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑚𝑚, 𝑦𝑦1,𝑦𝑦2, … ,𝑦𝑦𝑚𝑚}). To satisfy the coverage constraints each of these m points should 
be covered at least in one of the images. Image width and height (𝐷𝐷𝑊𝑊 ,𝐷𝐷𝐻𝐻 ) are known from 
equations 3 and 4, and by having this width and height, each point of the M will be checked to be 
covered at least in one of these image footprints. Figure 26 shows an example of meshing for an 
area of 10 × 10 (100𝑚𝑚2).  
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Figure 26. A meshing example for an area of 10 ∗ 10 

To ensure at least 50% overlap between the consecutive images, an adjacency radius (r) is defined. 
This radius is the maximum allowable distance between two adjacent points which means that the 
allowable location for the traversal point 𝑖𝑖 + 1 is inside or on a circle where the center of the circle 
is the point 𝑖𝑖 and the radius of the circle is r. Figure 27 shows this overlap constraint between two 
consecutive points. As illustrated in the figure, the blue point is the 𝑖𝑖th point which has an image 
footprint equal to the blue rectangle and the possible area to select the 𝑖𝑖 + 1th point is inside or on 
the circle. 

 

Figure 27. Overlap constraint between two traversal points 

In this study, to satisfy the overlap constraint, the mentioned radius is set to 𝐷𝐷𝐻𝐻/2. This adjustment 
ensures at least 50% overlap between consecutive points. The minimum overlap occurs if the point 
𝑖𝑖 + 1 is located exactly at a vertical distance of 𝐷𝐷𝐻𝐻/2 form point 𝑖𝑖 as it is shown in Figure 28. 
Consequently, if the point 𝑖𝑖 + 1 is located in another position to the point 𝑖𝑖 or the distance is lower 
than 𝐷𝐷𝐻𝐻/2, the overlap would be more than 50%. Some examples of this condition are shown in 
Figure 28. It is worth noting that this 50% overlap is the minimum consideration but in the 
software, users will be able to adjust the overlap between 50% to 90%. 

 

Figure 28. Overlap conditions: (a) overlap = 50% (b), (c) overlap > 50% 
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The last constraint is to make sure that obstacles have been avoided in the flight path to ensure the 
safety of the flight. For this purpose, obstacles are represented as rectangles and the number of 
obstacles is assumed to be K. By knowing the coordinates of the bottom-left corner of the obstacles, 
which are 𝑥𝑥𝑘𝑘 ,𝑦𝑦𝑘𝑘 respectively, and by knowing the length and width of the rectangles, which are 
𝑙𝑙𝑘𝑘,𝑤𝑤𝑘𝑘  respectively, the intersection between each rectangle and the flight path between two 
waypoints could be checked. By finding the potential intersection points and their coordinates 
(𝐼𝐼1𝑥𝑥, 𝐼𝐼1𝑦𝑦, 𝐼𝐼2𝑥𝑥, 𝐼𝐼2𝑦𝑦), the length of the flight path inside the obstacles can be determined using the 
following equation: 

𝐿𝐿𝑂𝑂 = �(𝐼𝐼2𝑥𝑥 − 𝐼𝐼1𝑥𝑥)2 + �𝐼𝐼2𝑦𝑦 − 𝐼𝐼1𝑦𝑦�
2
   (13) 

Where 𝐿𝐿𝑂𝑂 is the length of the flight path inside the obstacle in meters. 

Finally, the optimum flight path problem is formulated by the following expression: 

Find an integer design vector {𝑋𝑋} = {𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑛𝑛,𝑦𝑦1,𝑦𝑦2, … , 𝑦𝑦𝑛𝑛}, where 𝑥𝑥𝑖𝑖 ,𝑦𝑦𝑖𝑖  are the x and y 
coordinates of the 𝑖𝑖th traversal point of the flight path. Hence, the design problem can be expressed 
as: 

Minimize Equation 10 

Subjected to 

 

𝒈𝒈𝟏𝟏: 𝐹𝐹𝐹𝐹𝐹𝐹 𝑗𝑗 = 1 𝑡𝑡𝑡𝑡 𝑚𝑚: 

 𝐹𝐹𝐹𝐹𝐹𝐹 𝑖𝑖 = 1 𝑡𝑡𝑡𝑡 𝑛𝑛: 

�𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗� − 𝐷𝐷𝑊𝑊/2 ≤ 0    &     �𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗� − 𝐷𝐷𝐻𝐻/2 ≤ 0   (14) 

 

𝒈𝒈𝟐𝟐: 𝐹𝐹𝐹𝐹𝐹𝐹 𝑖𝑖 = 1 𝑡𝑡𝑡𝑡 𝑛𝑛 − 1:  

�(𝑥𝑥𝑖𝑖+1 − 𝑥𝑥𝑖𝑖)2 + (𝑦𝑦𝑖𝑖+1 − 𝑦𝑦𝑖𝑖)2 − 𝐷𝐷𝐻𝐻/2 ≤ 0    (15) 

 

𝒈𝒈𝟑𝟑:𝐹𝐹𝐹𝐹𝐹𝐹 𝑖𝑖 = 1 𝑡𝑡𝑡𝑡 𝑛𝑛 − 1: 

𝐹𝐹𝐹𝐹𝐹𝐹 𝑘𝑘 = 1 𝑡𝑡𝑡𝑡 𝐾𝐾: 

𝐿𝐿𝑂𝑂 = 0         (16) 

 

Where m is the number of the generated nodes for meshing to check the coverage, n is the number 
of the nodes of the flight path (traversal points), 𝑥𝑥𝑖𝑖 ,𝑦𝑦𝑖𝑖 are the coordinates of the 𝑖𝑖th traversal point, 
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and 𝑥𝑥𝑗𝑗 ,𝑦𝑦𝑗𝑗 are the coordinates of the 𝑗𝑗th generated points of the coverage meshing. Also, 𝑔𝑔1,𝑔𝑔2,𝑔𝑔3 
ae the constraints of the problem. 

The steps and the flowchart of the process are shown in Figure 29. It is worth mentioning that 
termination criteria is the number of iterations for meta-heuristic algorithms.  

 

Figure 29. Flowchart of the flight path optimization process 

 
4.3 Flight Path Conversion 

With the adjustments that have been made to the code, users would be able to define any polygon 
shapes for the mission area. Once the optimum flight path is generated, it should be projected on 
the real mission area defined. For this purpose, the generated flight path, which is in decimal units 
(m) in the x and y directions, will be converted to the Geographic Coordinate System (GCS) so 
that the user can export the flight path of the mission area and import it into UAV. 

4.4 Flight Path Planning Web Application 
This section outlines the key features and progress of the flight planning software being developed 
in collaboration with NMSU researchers. The software program, which will be developed as a web 
application, aims to optimize drone flight paths by addressing key constraints and delivering a 
streamlined, intuitive, and user-friendly experience. It achieves this through the implementation of 
a particle swarm optimization algorithm. Additionally, the software program will be developed 
using Python, MATLAB, HTML, CSS, and JavaScript within the Flask framework.  
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Below is a comprehensive list of the key constraints that the web application will address, along 
with a detailed explanation of its features. This overview outlines how each constraint is managed 
and the corresponding functionalities that enhance the software's capabilities in optimizing drone 
flight paths. 

Mission Area or Area of Interest (AOI): The web-based interface allows users to select an AOI. 
Based on this selection and the following parameters, the software automatically generates a flight 
path tailored to the AOI. Instead of a traditional grid system, which can be inefficient, the software 
employs a single, continuous flight line strategy. This method simplifies flight planning and 
optimizes both time and battery usage.  

Battery Life: The web application considers battery life as a fundamental constraint in flight, 
aiming to maximize image collection within the battery’s operational limits. The software 
calculates the maximum allowable flight time based on the drone's battery capacity, while 
reserving sufficient battery power to prevent depletion. It enhances the drone's practical usability 
and ensures reliable operation throughout a mission.  

Flight Speed: It influences the stability of the drone, the quality of captured data, and the efficiency 
of the flight path. Properly planning and adjusting flight speed ensures smoother operation, optimal 
image or data collection, and helps in avoiding collisions or interference with other objects. Users 
will be able input the appropriate values for flight speed.  

Camera Specifications: Users will be able to input the camera’s focal length in millimeters, the 
sensor height and width in millimeters, and the image height and width in pixels.  

Flight Height: This height information is crucial in drone flight path planning. It affects factors 
such as the quality of the captured images, the coverage area, the ground sampling distance (GSD), 
and the safety of the flight. Users will be able to input the appropriate values for flight height.  

Overlap Considerations: To ensure comprehensive coverage and high-quality data collection, the 
software manages both forward and side overlap of collected aerial imagery. Forward overlap 
pertains to the extent of overlap between consecutive flight paths, while side overlap addresses the 
overlap between parallel flight lines or parallel imagery frames. By assigning values (50% to 90%) 
to the desired overlaps, the software ensures complete area coverage and enhances data reliability. 
This feature supports the creation of co-registered orthophotos and digital surface models (DSMs), 
allowing for the detection of finer-scale bridge deck distresses.  

Waypoint Optimization: The software is designed to minimize the amount of waypoints required 
for a given flight mission. Advanced algorithms, including metaheuristic algorithms, are employed 
to generate efficient flight paths, reducing waypoint management complexity. This optimization 
simplifies user interaction and reduces the computational load on the drone’s navigation system.  

Ground Sampling Distance (GSD): The software ensures that the spatial resolution of captured 
data meets user-specified ground sampling distance (GSD) requirements by calculating and 
adjusting flight paths accordingly. This guarantees that the imaging mission fulfills end-user 
specifications and results in high-quality data collection. Additionally, this tailored approach not 
only fulfills user requirements but also enhances the accuracy and usefulness of the collected data 
for various applications. 



 
 

 
 

44 

Obstacle Avoidance: To enhance flight safety, the software integrates pre-defined obstacle 
avoidance algorithms within the user interface. This feature allows users to input and define 
specific obstacles, which the algorithm then uses to dynamically adjust flight paths and prevent 
collisions. By incorporating these user-defined obstacles, the software ensures safe and reliable 
operations throughout the mission.  

For the outputs of the web application, users will have access to the following items:  

• Visualized Flight Path: an example of the visualization is shown in Figure 30.  
• Waypoints: displayed as individual points on a background image, including their 

coordinates in either a geographic or projected coordinate system.  
• GSD: shown in mm/pixel, based on the flight height and overlap specified by the user.  
• Flight Path Length: indicated in meters (m).  
• Approximate flight time: provided in seconds (s).  

Please note that as a web application, the software will be accessible only to authorized users. After 
the optimized flight path is generated, users will be notified and provided with a link to download 
the flight path file, which they can then upload to the drone. 

The sprint planning for the software development is as follows:  

• Sprint 1: Requirements gathering and initial design.  
• Sprint 2: Basic optimization engine implementation.  
• Sprint 3: UI design and integration with optimization engine.  
• Sprint 4: Testing and validation.  
• Sprint 5: Improvements.  

The first two sprints are achieved, and the project team is working on the third sprint. More 
specifically, the UNM Team has begun software development in close collaboration with the 
NMSU team. This collaborative effort highlights the co-development approach, involving joint 
planning, design, and execution phases to ensure that the development aligns with our shared 
objectives and requirements. As of the reporting period, we have undertaken several key activities, 
including:  

Algorithm Development: We have participated in the development of algorithms that support the 
constraints of battery life, overlap, GSD, collision avoidance, and waypoint optimization. This 
collaborative effort ensures that the software meets the specified requirements effectively. Since 
the project’s inception, the UNM Team has conducted four meetings with the NMSU team to 
maintain active engagement in the algorithm development process. These meetings have been 
essential for coordinating our efforts, discussing progress, addressing challenges, and refining our 
approach. 

Bounding Box System: In our approach to algorithm development of the AOI selection, we have 
decided to assign no value (null) to the cell centers of a minimum grid bounding box system that 
encloses the entire AOI. This decision aligns with our goal of simplifying the flight path planning 
process and avoiding unnecessary complexity. The bounding box system will also ensure that 
either a projected coordinate system or a geographic coordinate system is assigned to the 
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waypoints within the AOI. Additionally, it ensures that the AOI properly overlaps with the bridge 
object on the ground. 

 

 
Figure 30. Flight path visualization example 

 

4.5 Result Analysis 

The PSO and GA algorithms have been tested on different mission areas, and the results have been 
compared to the results from DJI GS Pro (DJI GSP) mission planning app for the same areas. 
Figure 31 represents the energy consumption based on the flight time for each of the algorithms 
in each inspection flight path planning for different areas. As a result of this chart, PSO achieved 
a better result (less energy consumption and flight time) compared to GA in all the experiments. 
The energy consumption results of PSO are optimized for an average of 57% compared to the DJI 
GSP, whereas the results of GA indicate an average of 50% optimization compared to the DJI 
GSP. Since these results are based on the flight time, the optimization results for the flight time 
have the same percentages. 
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Figure 31. Energy consumption of algorithms based on the flight time for the experiments 

 

TASK 5: Dataset Collection 
The objective of this task was to collect comprehensive datasets from bridges across New Mexico, 
which will be utilized for image processing and model training for the purpose of damage detection 
and condition assessment. The dataset will be divided into three categories including the training 
dataset, the validation dataset, and the testing dataset. The collected data include high-resolution 
images and infrared thermography images capturing various aspects of bridge conditions, such as 
surface cracks, deformations, and material degradations. Also, different parts of the bridge such as 
piers, girders, and substructure are included in the captured images. These images are acquired and 
will be acquired using drones ensuring thorough coverage and detail. 
The collected datasets play a crucial role in the field of image processing and model training. High-
quality images from RGB cameras provide clear visual data on visible damages like cracks and 
surface wear, while IRT cameras capture thermal anomalies that indicate underlying structural 
issues. These datasets will undergo a rigorous preprocessing phase to enhance image quality, 
remove noise, correct distortions, and ensure consistency across all collected data. This 
preprocessing step is essential for creating a reliable dataset that can be used to train machine 
learning models effectively. Annotating these images with detailed information about the observed 
structural conditions will serve as ground truth for model training, ensuring that the models learn 
to accurately identify and classify different types of damages. 
For this purpose and for now, datasets are collected from 11 bridges with these bridge numbers: 
5825, 5629, 5734, 5801, 1791, 8900, 6255, 7264, 7265, 6803, and 5964. The location and NBI 
number of the bridges are shown in Figure 32. 
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Figure 32. Bridges that are data have been collected from 

The task is still ongoing, and data collection continues. The ultimate goal of this task is to develop 
robust image-processing algorithms and machine-learning models capable of autonomously 
detecting and classifying structural issues in bridges. Some of the collected RGB images are shown 
in Figure 33, and thermal image samples are shown in Figure 34: 
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Figure 33. RGB samples from the collected datasets 
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Figure 34. Thermal image samples from the collected datasets 

 

TASK 6: Bridge Deck Identification 
6.1 Dataset Preparation 

The dataset utilized in this study comprises 113 high-resolution images of bridge decks, each with 
dimensions of 3040×4056 pixels. These images were collected using a DJI Mavic 2 Enterprise to 
capture detailed visual data of bridge surfaces from a top-down perspective. The primary objective 
of this dataset was to support the development of a semantic segmentation model capable of 
distinguishing bridge deck surfaces from their surrounding background environments, such as 
pavements, barriers, and structural supports. 

Each image in the dataset was manually annotated to create a pixel-wise ground truth mask, where 
the two classes of interest were: 

• Deck: representing the concrete or asphalt surface of the bridge deck (foreground). 

• Background: encompassing all other elements not part of the deck, including sky, shadows, 
guardrails, curbs, and adjacent infrastructure. 

The annotation process was performed using MATLAB's Image Labeler application [19]. 
Annotators manually outlined the deck boundaries, and the label masks were exported as 
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categorical images and then converted into binary masks, with the deck class represented as pixel 
value 255 and the background as 0. This binary format was chosen to simplify the segmentation 
task and ensure compatibility with pixel-level loss functions during training. 

To ensure efficient learning while preserving the aspect ratio of the original images, all input 
images and masks were uniformly resized to a resolution of 384×512 pixels. This resizing was 
done using bicubic interpolation for RGB images and nearest-neighbor interpolation for binary 
masks to avoid label smearing. 

The entire dataset was randomly partitioned into three subsets: 

• Training set: 80 images (~70.8%) 

• Validation set: 17 images (~15.0%) 

• Test set: 16 images (~14.2%) 

This split was designed to provide sufficient samples for model optimization while ensuring 
reliable validation and testing. It is important to ensure that the test set contains diverse examples 
with varying lighting conditions, surface textures, and obstructions such as debris or markings, to 
robustly assess the model's generalization capability. Figure 35 shows some examples of images 
of the labeling process, and Figure 36 illustrates the dataset structure. This curated dataset served 
as the foundation for training and evaluating the DeepLab v3+ semantic segmentation model 
described in the subsequent sections. 
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Figure 35. Examples of deck identification image labeling 

 

 
Figure 36. Dataset structure for deck identification model training 
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6.2 Data Augmentation 

To enhance the generalization capability of the semantic segmentation model and mitigate 
overfitting due to limited data, a suite of data augmentation techniques was applied during training. 
The original dataset consisted of only 80 training images, which is relatively small for training a 
deep convolutional neural network. Therefore, online augmentation was used to artificially 
increase the variability of the training data. 

All augmentations were performed on-the-fly using MATLAB’s “imageDataAugmenter” class, 
ensuring that each training epoch introduced slight variations in image appearance and geometry. 
The goal was to simulate realistic conditions that the model might encounter during actual UAV-
based inspections, such as different flight angles, lighting conditions, and bridge deck appearances. 

The following transformations were applied randomly and independently to each image-mask pair 
during training: 

Transformation Range / Parameters Purpose 

Horizontal 
Flipping 50% probability Simulates bidirectional UAV flight over the 

same bridge deck 

Random Rotation ±10 degrees Simulates variations in UAV camera orientation 
during capture 

Random Scaling 90%–110% (X and Y 
independently) 

Mimics changes in UAV altitude and image 
zoom 

Table 12. Applied augmentations to the training dataset 

These augmentations were applied only to the training set, ensuring that validation and test results 
remained unbiased and representative of real-world performance. Data augmentation is especially 
critical in pixel-wise segmentation tasks because it not only increases the diversity of image 
appearance but also expands the spatial configurations that the network is exposed to. For example, 
horizontal flips help the model learn symmetry in deck structures, while rotation and scaling aid 
in learning translation-invariant features. 

6.3 Model Architecture 

The model architecture employed for the semantic segmentation of bridge decks is based on 
DeepLab v3+, a state-of-the-art convolutional neural network known for its accuracy and 
efficiency in pixel-wise classification tasks [43]. DeepLab v3+ combines spatial pyramid pooling, 
atrous convolutions, and a decoder module to produce high-resolution segmentation outputs while 
maintaining deep contextual understanding. The ASPP module allows the network to perceive 
objects at multiple receptive field sizes, which is particularly useful for bridge decks that may 
appear at various scales due to changes in UAV altitude or perspective. 

In this study, DeepLab v3+ was implemented using MATLAB’s Deep Learning Toolbox, with the 
encoder initialized using a ResNet-18 backbone pretrained on ImageNet. ResNet-18 is a 
convolutional neural network that is 18 layers deep. We can load a pretrained version of the 
network trained on more than a million images from the ImageNet database [44], [45]. The 
pretrained network can classify images into 1000 object categories, such as keyboard, mouse, 
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pencil, and many animals. As a result, the network has learned rich feature representations for a 
wide range of images. This choice strikes a balance between model complexity and computational 
efficiency, making it suitable for deployment on resource-constrained platforms such as UAVs. 

Key architectural components of the model are briefly described in Table 13. 

Component Description 

Backbone ResNet-18 (18-layer residual network) pretrained on ImageNet 

ASPP Module Atrous Spatial Pyramid Pooling with multiple dilation rates for context 

Decoder Module Refines segmentation results by combining low- and high-level features 

Upsampling 
Strategy Bilinear upsampling to restore final output to full spatial resolution 

Output Layer Softmax classification layer for binary segmentation (deck vs. 
background) 

Table 13. Key architectural components of the DeepLab v3+ model 

The choice of input size [384×512] preserved the aspect ratio of the original 3040×4056 images 
and allowed for efficient GPU training. The number of output classes was set to 2, corresponding 
to the binary nature of the segmentation task. The model was trained using a single GPU, and the 
use of ResNet-18 (instead of deeper alternatives like ResNet-50) ensured that training and 
inference were computationally tractable. This configuration also supports potential onboard 
deployment on embedded GPUs (e.g., NVIDIA Jetson platforms), aligning with real-time UAV 
inspection applications. The overall architecture follows a typical encoder-ASPP-decoder 
structure, enabling robust segmentation of bridge decks even in small datasets. In our trained 
version, its network consists of 100 layers with 20.6 million learnables.  

6.4 Training Setup 

The core training configurations used to optimize the model performance, including network 
initialization, hyperparameter tuning, learning rate strategy, and training execution environment, 
are empirically tuned and listed below in Table 14. 

Parameter Value 

Optimizer Adam 

Initial Learning Rate 1e-4 

L2 Regularization Factor 0.0001 

Mini-Batch Size 4 

Max Epochs 30 

Iterations per Epoch 20 

Max Iterations 600 
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Shuffle Every Epoch 

Validation Frequency Every 50 Iterations 

Verbose Output Enabled 

Execution Environment Single GPU 

Data Normalization Automatic per-channel 

Table 14. Training Hyperparameters for DeepLab v3+ 

The learning rate was fixed throughout training, and no custom learning rate schedule or early 
stopping was applied due to consistent improvements in training and validation accuracy. 

The training was performed on a single GPU using MATLAB's trainNetwork function. Automatic 
environment detection ensured efficient use of GPU memory and enabled real-time display of 
training metrics. The model reached convergence in under two minutes of training time. 

A live training plot, shown in the Figure 37, displayed metrics including: 

• Training accuracy and loss 

• Validation accuracy and loss 

• Iteration-wise updates per mini-batch 

The final model achieved high training and validation performance, suggesting the selected setup 
was effective for the binary segmentation task with a relatively small dataset. 

 
Figure 37. Training progress of DeepLab v3+ for deck identification 
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At the end of training, the final mini-batch achieved an accuracy of 99.59%, while the validation 
accuracy reached 98.26%, indicating strong generalization. These results confirm that the selected 
configuration enabled highly effective learning, even with a relatively small dataset. These results 
are summarized in Table 15. 

Metric Value 

Mini-batch Accuracy  99.59% 

Final Validation Accuracy 98.26% 

Elapsed Time 1 min and 45 sec 

Table 15. Results of the training progress for deck identification 

6.5 Results and Evaluation 

To evaluate the performance of the model, the following metrics have been used: 

• Global Accuracy: Ratio of correctly classified pixels to the total number of pixels. 

• Mean Accuracy: Average of per-class pixel accuracies. 

• Mean IoU (Intersection over Union): Average IoU across classes. 

• Weighted IoU: IoU weighted by pixel count per class. 

• Mean Boundary F1 Score (BF Score): Boundary matching score assessing segmentation 
contour alignment. 

The model was evaluated on a test set comprising 16 high-resolution images that were not seen 
during training or validation. The evaluation metrics obtained are summarized in Table 16. 

Metric Score 

Global Accuracy 98.63% 

Mean Accuracy 98.70% 

Mean IoU 97.18% 

Weighted IoU 97.30% 

Mean BF Score 92.61% 

Table 16. Metrics for the overall performance of the DeepLab v3+ model 

These results are interpreted below: 

• Global Accuracy (98.63%): Indicates that nearly all pixels were correctly classified 
across the entire test set. This is a strong indicator of generalization to unseen data. 

• Mean Accuracy (98.70%): Reflects high consistency in performance across both deck 
and background classes, without bias. 
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• Mean IoU (97.18%): IoU is one of the most rigorous segmentation metrics, requiring a 
high overlap between predicted and actual areas. A score over 97% confirms precise 
shape and region prediction. 

• Weighted IoU (97.30%): Slightly higher than Mean IoU due to the dominance of 
background pixels, showing that the model performs well even when accounting for 
class imbalance. 

• Mean Boundary F1 Score (92.61%): A strong BF score indicates that object boundaries 
(e.g., deck edges) are sharply predicted. 

This level of segmentation performance confirms that the DeepLab v3+ model is highly effective 
at identifying bridge deck surfaces. 

To further analyze the segmentation performance of the trained model, we examine per-class 
metrics that offer insight into how well each class (deck, background) was identified across the 
test set. Table 17 presents the results for accuracy, IoU, and boundary precision (BF Score) for 
each semantic class: 

Class Pixel 
Accuracy 

Intersection over Union 
(IoU) 

Mean Boundary F1 Score (BF 
Score) 

Background 98.35% 97.75% 94.54% 

Deck 99.05% 96.61% 90.68% 

Table 17. Class-wise evaluation results 

Despite deck areas often featuring variable textures, lighting changes, or surface defects, the model 
maintained exceptional accuracy and shape alignment. The deck class achieved a remarkably high 
accuracy of 99.05%, meaning nearly all deck pixels were correctly identified. 

Finally, Figure 38 presents sample visual comparisons of the model's predictions against the 
ground truth. These visualizations affirm that the model preserves the structural integrity of deck 
boundaries even under varying textures and lighting conditions. 
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Figure 38. Samples of the DeepLab v3+ model’s predictions 

TASK 7: Crack Detection and Quantification by Using Deep Learning 
The integration of UAVs and AI, especially deep learning, has emerged as a transformative 
approach to automate, expedite, and enhance the reliability of damage detection processes [46]. 
Among various structural deficiencies, cracks are particularly significant because they often serve 
as early indicators of progressive deterioration. Early and accurate crack detection and 
quantification can prevent catastrophic failures and inform timely maintenance decisions. 
However, automated crack detection remains challenging due to the variability of crack shapes, 
sizes, background textures, lighting conditions, and noise present in real-world images [47], [48]. 

Deep learning, particularly convolutional neural networks (CNNs), has demonstrated remarkable 
potential in addressing these challenges by learning hierarchical features directly from raw image 
data without relying on handcrafted features [49]. In this study, a U-Net model, an encoder-decoder 
convolutional architecture originally developed for biomedical image segmentation [50], was 
adapted and trained for the pixel-wise segmentation of cracks in bridge structures. 

Despite the advancements, several limitations persist in existing studies: 
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• Dataset Size and Diversity: Many models are trained on limited datasets with relatively 
homogeneous backgrounds, making them less robust to diverse real-world conditions [18]. 

• Resolution Challenges: Crack detection requires high-resolution imagery to capture thin 
and fine cracks, but training on high-resolution datasets increases computational demands. 

• Quantitative Evaluation: While qualitative results are promising, detailed quantitative 
analyses, particularly at the pixel level (e.g., Mean Intersection over Union (IoU), Dice 
coefficient), are often missing. 

• UAV Deployment: Few studies rigorously integrate their methods into UAV workflows, 
limiting real-world applicability. 

This study contributes to the state-of-the-art by employing an extensive dataset, applying tailored 
preprocessing steps, optimizing the U-Net architecture for crack detection, and performing detailed 
quantification through pixel-level outputs. This combination offers a novel, high-fidelity system 
suitable for UAV-based bridge inspection applications, a domain where achieving high precision 
in uncontrolled environments remains an ongoing challenge. 

For pixel-wise labeling, 20,000 positive and 20,000 negative images have been collected from the 
available dataset. In order to annotate all the images, which can be a time-consuming process, a 
method has been developed to automate labeling. For this purpose, first, a small set of images has 
been labeled to train a light model so the rest of the images can be labeled automatically. Finally, 
after auto-labeling the rest of the dataset images and refining the labels, the main model will be 
trained. The steps of this dual-phase pixel-wise crack detection are summarized below: 

Step 1: Small Dataset Pixel-wise labeling 

240 images have been chosen for the first set of labeling, which has been performed by using 
MATLAB labeling toolbox. To improve the accuracy of the labeling, several considerations have 
been included during the labeling process as follows: 

• Noise Handling: To avoid including non-crack areas (e.g., background textures) in the 
segmentation to improve model accuracy. 

• Edge Refinement: To ensure that the labeling follows the crack edges and captures the full 
extent of the crack, including thinner sections. 

• Point Density: To ensure sufficient density for a smooth boundary and add more points if 
finer details need to be captured. 

The labeled crack masks have been converted into binary segmentation masks (background = 0, 
crack = 1) to be used as the inputs of the model. Figure 39 shows two examples of labeled images 
and binary masks. 
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Figure 39. Pixel-wise labeled images and their binary masks 

Step 2: Pre-training Data Preparation 
In order to prepare data for model training, several adjustments have been applied as follows: 

1. Image and Mask Resizing: 
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To ensure compatibility with the U-Net model, all images and their corresponding masks 
were resized from 227×227 pixels to 224×224 pixels. This standardization facilitates 
efficient processing while maintaining the integrity of structural details in the dataset. 

2. Data Splitting Strategy: 

The dataset was divided into three subsets to train, validate, and evaluate the model 
effectively: 

• Training Set: 70% of the data 

• Validation Set: 15% of the data 

• Testing Set: 15% of the data 

This distribution ensures that the model learns effectively from a large portion of the data 
while being validated and tested on separate, unseen samples. 

3. Data Augmentation Techniques: 

To enhance the model's generalization ability and robustness, a series of augmentation 
techniques were applied to the training set: 

• Random Rotation: Images were randomly rotated within the range of -45° to 45°. 

• Random Reflections: Horizontal (X-axis) and vertical (Y-axis) reflections were 
applied. 

• Random Scaling: Images were scaled randomly within a factor range of 0.8 to 1.5. 

• Random Translation: Horizontal and vertical translations were applied within the 
range of -30 to 30 pixels. 

These augmentations help improve the model’s ability to recognize patterns under different 
transformations, ultimately enhancing its robustness in real-world applications. 

Step 3: Light Model Training for Autolabeling 

As mentioned above, this model training phase is only to automate labeling, and for this purpose, 
the required model should be able to handle the requirements mentioned below: 

• Handles pixel-wise segmentation with high accuracy 

• Works well with grayscale images 

• Deals with class imbalance effectively 

• Generalizes well across different input variations 

U-Net fulfills all these requirements by providing a strong balance between accuracy, efficiency, 
and adaptability. 

U-Net is a deep learning model designed for image segmentation, where the goal is to classify 
each pixel in an image. It was originally developed for biomedical image segmentation but has 
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since been widely used in various fields, including remote sensing, medical imaging, and structural 
damage detection [50]. 

U-Net follows a fully convolutional neural network (FCNN) architecture, meaning it does not use 
fully connected layers like traditional CNNs. Instead, it is structured in a U-shaped design, 
consisting of two main parts: 

1. Encoder (Contracting Path) – Extracts important features from the input image by 
progressively reducing its size through convolutional and pooling layers. 

2. Decoder (Expanding Path) – Reconstructs the image by gradually increasing its resolution 
and using skip connections to retain fine details. 

Figure 40 shows the layers of the U-Net model used in this study for 224×224-pixel images for 
binary segmentation. As shown in this figure, the model consists of 58 layers. 

 

Figure 40. Layers of the U-Net model for this study 

To define the U-Net architecture for the purpose of this study, several adjustments have been 
applied as follows: 

• Adding dropout layers: Dropout is a technique used to prevent overfitting, which happens 
when a model performs well on training data but poorly on new data. It randomly turns 
off some neurons during training, forcing the model to learn robust features. Three dropout 
layers have been inserted after activation layers in different encoding stages. These 
dropout layers introduce randomness, which makes the model more generalizable and 
resistant to overfitting. 
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• Handling class imbalance using class weights: In many segmentation tasks, the foreground 
class (objects of interest) appears much less frequently than the background class. If the 
model is trained without adjustments, it might ignore the foreground class since predicting 
the background everywhere would still give high accuracy [51]. To solve this problem, a 
higher importance (weight) of 50 has been assigned to the foreground class (cracks). This 
means that the model will be penalized 50 times more for misclassifying a foreground 
pixel compared to a background pixel. By doing this, the model will focus more on 
learning foreground pixels, even though they appear less frequently. 

• Optimization algorithm: Adam, an advanced optimization algorithm that adjusts the 
learning rate automatically to speed up training and improve convergence, has been chosen 
for this study [52]. 

• Controlling learning rate: The learning rate determines how much the model updates its 
parameters after each training step. By applying a piecewise learning rate schedule, after 
a certain number of epochs, the learning rate is reduced to help the model refine its 
learning. For this study, after every 50 epochs, the learning rate is multiplied by 0.5, 
allowing the model to fine-tune its predictions. 

• Epochs and batch size: The model has been trained for 200 epochs, which is enough to 
learn useful features without excessive training. Also, the mini-batch size was set to 8, 
meaning that 8 images are processed simultaneously. 

The above-mentioned considerations ensure that the model is optimized for segmentation tasks, 
robust to class imbalance, and resistant to overfitting. After setting the training options, the model 
has been trained, and the training progress is shown in Figure 41. 



 
 

 
 

63 

 

Figure 41. Training progress of the light U-Net model 

As shown in Figure 41, the training progress consists of two subplots. The top plot shows the 
accuracy of the model during training (blue line) and validation (black dots). The bottom plot 
shows the loss function values over iterations for training (orange line) and validation (black dots). 
By analyzing the training progress and subplots, the following conclusions have been made: 

• Training accuracy starts low (~10%) but improves rapidly within the first few epochs. 

• By the end of training (epoch 200), training accuracy stabilizes close to 97%. 

• Validation accuracy starts lower but quickly improves, suggesting the model learns 
meaningful features. 

• Final validation accuracy reaches 95.75%, indicating strong generalization to unseen data. 

• The validation accuracy curve remains relatively stable, implying no significant 
overfitting. 

• Validation loss closely follows training loss, confirming that the model generalizes well. 

• Training completed in 9 minutes 52 seconds, demonstrating fast convergence. 

The training results indicate that the U-Net model was successfully trained for the auto-labeling 
task. Table 18 shows the summary of the training progress results. 

Metric Value 

Final Training Accuracy 96.41% 
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Final Validation Accuracy 95.75% 

Total Epochs 200 

Iteration per Epoch 17 

Total Iterations 3400 

Elapsed Time 9 min and 52 sec 

Table 18. Training progress results of the light U-Net model 

Step 4: Auto-Labeling of the Dataset and Noise Reduction 

After training the light U-Net model, the whole dataset (20,000 positive + 20,000 negative) has 
been auto-labeled. Moreover, to refine the auto-labeled mask, morphological operations have been 
applied to the masks, so the noises are automatically corrected. Figure 42 shows some examples 
of the auto-labeled images and their corresponding masks after automatic corrections. 

 

 

Figure 42. Auto-labeled masks and auto-refined masks of the original images 
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Step 5: Main U-Net Model Training 

For the main U-Net model training by using the auto-labeled dataset, the data is split as follows: 

• Training: 80% (32,000 images) 
• Validation: 10% (4,000 images) 
• Testing: 10% (4,000 images) 

Figure 43 shows the training progress of the main U-Net model, and its results are provided in 
Table 19. 

 

Figure 43. Training progress of the main U-Net model for crack detection 

 

Metric Value 

Final Training Accuracy 95.58% 

Final Validation Accuracy 97.62% 

Total Epochs 100 

Iteration per Epoch 4000 

Total Iterations 400,000 

Elapsed Time 12,656 min 
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Learning Rate 1e-3 

Learning Rate Drop Factor 0.8 

Table 19. Results of the training progress of the main U-Net model 

As it is shown in Table 19, the model was trained in 12,656 minutes, and it reached a validation 
accuracy of 97.62%. 

Step 6: Evaluation of the U-Net Segmentation Performance 

After training the U-Net model, it was evaluated on test images using three standard segmentation 
metrics: Intersection over Union (IoU), Dice Similarity Coefficient (DSC), and Pixel Accuracy. 
These metrics provide insights into the model’s effectiveness in segmenting cracks from images. 

Intersection over Union (IoU):  

IoU, also known as the Jaccard Index, measures the overlap between the predicted segmentation 
mask and the ground truth mask [53]. It is defined as: 

𝐼𝐼𝐼𝐼𝐼𝐼 =  |𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∩𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺ℎ|
|𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∪𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺ℎ|

   (1) 

Where, intersection represents correctly predicted pixels, and the Union includes all pixels present 
in either the prediction or ground truth. From the results, the mean IoU obtained for test images is 
0.7538, indicating a very good overlap between predicted crack regions and ground truth masks. 

Dice Similarity Coefficient (DSC): 

The Dice Similarity Coefficient (DSC), also called the F1-score for segmentation, is a commonly 
used metric for evaluating the similarity between two sets. It is computed as: 

𝐷𝐷𝐷𝐷𝐷𝐷 =  2×|𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∩𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺ℎ|
|𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃|+|𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺ℎ|

   (2) 

The mean DSC for test images is 0.8532, which suggests that the model performs well in 
segmenting crack regions. 

Pixel Accuracy: 

Pixel Accuracy is a simple but effective metric that calculates the proportion of correctly classified 
pixels over the entire image and is computed as [54]: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

   (3) 

The mean pixel accuracy obtained is 0.9504, meaning that 95.04% of all pixels were classified 
correctly. Higher pixel accuracy (>90%) indicates strong overall performance. 

Table 20 summarizes the evaluation results. These values confirm that the model is effective for 
crack detection, with potential for further refinement. 

Metric Result Interpretation 
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IoU 75.38% Excellent - very good overlap with ground truth 

DSC 85.32% Very strong match - above 0.85 is highly desirable 

Pixel 
Accuracy 95.04% The majority of pixels were correctly classified. 

Table 20. Evaluation results of the U-Net model 

Finally, Figure 44 shows some examples of the predictions. 

 

Figure 44. Crack prediction samples by using the U-Net model 

 

TASK 8: Automated Bridge Deck Health Evaluation Aligned with NBI 
Ratings  
8.1. Methodology 

The methodology of this study proposes a fully automated, unsupervised anomaly detection 
pipeline for bridge deck inspection using UAV-acquired imagery and a sparse autoencoder. The 
pipeline is designed to process multiple high-resolution images from various angles of a bridge 
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deck, detect local surface anomalies through reconstruction errors, and aggregate the findings into 
a global bridge condition score that aligns with the National Bridge Inspection (NBI) standards. 
Figure 45 shows the general flowchart and steps developed for the proposed methodology. These 
steps are described in detail in the following subsection. 

 
Figure 45. Flowchart of the methodology for automated bridge deck health evaluation aligned 

with NBI ratings  

 

8.1.1 Data Collection, Preprocessing, and Patch Extraction 

In the first step, high-resolution bridge deck images were collected using a DJI Mavic 2 Enterprise 
UAV equipped with a standard RGB camera. To maintain image clarity and geometric 
consistency, the UAV flights were performed at a controlled altitude (typically 3–5 meters above 
the deck surface), which corresponds to a ground sampling distance (GSD) of 1-1.5 mm/pixel. 
Each image captured covers a portion of the bridge deck with visible concrete texture, cracks, 
shadows, and surface features to enhance the model’s learning even under various lighting or 
texture conditions. The typical image resolution was 4056 × 3040 pixels, allowing for fine-grained 



 
 

 
 

69 

patch extraction. Images were cropped to remove irrelevant backgrounds (e.g., sky, trees, traffic 
barriers) and focus exclusively on the concrete surfaces of the deck, including the top surface, 
underneath, and sides.  

Once the images are acquired, each captured image undergoes a standardized preprocessing 
pipeline to ensure consistency and readiness for the anomaly detection stage. The first step 
involves grayscale conversion, where each RGB image is transformed into a single-channel 
grayscale image. This is based on the observation that most structural defects on concrete surfaces 
manifest through intensity variations (e.g., cracks, delaminations) rather than chromaticity. 
Grayscale conversion reduces data dimensionality and computational load without sacrificing 
relevant features. Subsequently, if the input images contain high-frequency sensor noise or 
compression artifacts, a mild Gaussian smoothing filter is applied. 

The preprocessed grayscale images are then divided into non-overlapping square patches of size 
64×64 pixels, forming the fundamental input unit for the unsupervised learning model and 
balancing between resolution and coverage. Each patch is flattened into a one-dimensional vector 
of 4096 elements and normalized to the range [0,1]. This normalization step ensures consistent 
intensity scaling across all patches and avoids numerical instability during model training. 
Formally, let 𝐼𝐼𝑘𝑘 ∈ ℝ𝐻𝐻 × 𝑊𝑊 represent the k-th grayscale bridge deck image, where 𝑘𝑘 =  1, 2, . . . ,𝐾𝐾. 
Also, H and W are the image height and image width in pixels, respectively. Each image is 
partitioned into 𝑁𝑁𝑘𝑘 patches �𝑥𝑥𝑘𝑘,1,𝑥𝑥𝑘𝑘,2, . . . , 𝑥𝑥𝑘𝑘,𝑁𝑁�, where each patch 𝑥𝑥𝑘𝑘,𝑖𝑖 ∈ ℝ64 × 64, and flattened to 
𝑥𝑥𝑘𝑘,𝑖𝑖 ∈ ℝ4096 for compatibility with the autoencoder. This preprocessing pipeline ensures that all 
patches used for analysis are spatially consistent, resolution-normalized, and intensity-
standardized, enabling robust feature learning and reconstruction-based anomaly detection in 
subsequent stages. Figure 46 shows an example of the process for data collection, preprocessing, 
and patch extraction. 

 

 
Figure 46. An example of the process of data preprocessing and patch extraction 

It is worth noting that filtering was performed to remove patches containing sky, vegetation, or 
heavily obstructed views, ensuring that only surface-representative patches were used for training. 
In order to enhance the robustness and accuracy of the autoencoder, additional negative (without 
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any defects) images of the concrete surface have been added to UAV-collected data. Therefore, 
the total number of the extracted 64×64 patches for autoencoder training is 36,000. 

8.1.2 Sparse Autoencoder Training  

The training set consisted exclusively of normal (non-anomalous) data, ensuring the model learned 
a compact latent representation of healthy patterns only. The core of the proposed framework is 
an unsupervised sparse autoencoder neural network, which has been trained in MATLAB using 
the trainAutoencoder function [19]. The architecture comprised a single hidden layer with 200 
neurons. Sparsity constraints were enforced using Kullback–Leibler divergence to encourage the 
network to activate only a subset of neurons for any given input, thereby learning discriminative 
features of healthy surfaces. Additionally, the input and output layers contain 4096 neurons due to 
the flattened 64×64 patches. Figure 47 represents the architecture of the sparse autoencoder neural 
network.  

 
Figure 47. Architecture of the sparse autoencoder neural network 

The training is performed using the Scaled Conjugate Gradient (SCG) algorithm, which is a 
second-order optimization method combining the speed of conjugate gradient descent with 
efficient step-size scaling. Unlike traditional backpropagation with basic stochastic gradient 
descent, SCG avoids line searches, accelerates convergence, and is well-suited for smooth error 
surfaces like reconstruction loss. Also, L2 weight regularization is used to prevent overfitting by 
penalizing large weights that could memorize training data. Moreover, sparsity regularization is 
used to enforce that each hidden neuron remains inactive for most inputs, promoting part-based 
representations. Finally, the sparsity proportion is used to set the desired average activation per 
hidden unit. A value of 0.05 encourages most neurons to remain off for any given patch, ensuring 
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that only meaningful features are encoded. The configuration of these hyperparameters is 
summarized in Table 21. 

Hyperparameter Value 

Epochs 200 

L2 Regularization 0.001 

Sparsity Regularization 4 

Sparsity Proportion 0.05 

Optimizer Scaled Conjugate Gradient 
(SCG) 

Loss Function Mean Squared Error (MSE) 

Table 21. Configuration of the model’s hyperparameters 

The reconstruction error for each patch was computed using Mean Squared Error (MSE) by the 
following equation: 

𝑀𝑀𝑀𝑀𝑀𝑀 = 1
4096

∑ (𝑥𝑥𝑖𝑖 − 𝑥𝑥�𝑖𝑖)24096
𝑖𝑖=1    (1) 

where 𝑥𝑥𝑖𝑖 and 𝑥𝑥�𝑖𝑖 are the original and reconstructed pixel intensities, respectively. 

The performance plot of the sparse autoencoder neural network training is visualized in Figure 
48. The model exhibited strong convergence behavior over the course of 200 epochs with an 
elapsed time of 31 minutes, reaching a final MSE of approximately 0.00299. This steady decline 
in error validates the model’s ability to accurately reconstruct non-defective inputs and learn a 
meaningful latent representation of healthy bridge textures. The gradient magnitude decreased 
from 0.579 to 0.000147, confirming that the optimizer approached a local minimum with smooth 
convergence. 
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Figure 48. Training performance of the sparse autoencoder 

All MSE values were aggregated into a 2D error map, with each value representing the anomaly 
score for a corresponding spatial region in the image. The error map was resized (via bicubic 
interpolation) to match the original image resolution and normalized to [0,1]. To enhance 
interpretability, the error map was converted to a heatmap using a perceptually intuitive hot 
colormap. The heatmap was overlaid on the original image to highlight potential anomalies, where 
darker areas mean fewer anomalies and lighter areas represent higher anomalies. 

Given the unsupervised design and lack of pixel-level anomaly ground truth, evaluation relied on 
visual and statistical measures. To quantify the anomaly heatmap into actionable metrics, the 
following are computed: 

• Average Error: Mean of reconstruction error across all patches, which 
indicates the global health. 

𝐴𝐴𝐴𝐴 = 1
𝑁𝑁
∑ 𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖𝑁𝑁
𝑖𝑖=1    (2) 

Where N is the total number of patches. 

 

• Anomalous Area (%): Percentage of patches with error above a threshold 
𝜃𝜃 = 0.015, which indicates spread. 
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𝐴𝐴𝐴𝐴 = 1
𝑁𝑁
∑ 1(𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖 > 𝜃𝜃) × 100𝑁𝑁
𝑖𝑖=1    (3) 

 

• Severity Score: Sum of excess error beyond the threshold 𝜃𝜃 = 0.015, 
which indicates damage intensity. 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 1
𝑁𝑁
∑ 𝑚𝑚𝑚𝑚𝑚𝑚(0,𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖  −  𝜃𝜃)𝑁𝑁
𝑖𝑖=1    (4) 

The threshold mentioned above is chosen based on the sensitivity analysis, which is discussed in 
the next subsection.  

To provide a standardized interpretation of the computed anomaly metrics, the results were 
mapped to National Bridge Inventory (NBI) condition rating guidelines for decks. Based on the 
average error, anomalous area, and normalized severity score from multiple images of a single 
bridge deck, a rule-based classifier was used to assign an NBI-aligned rating between 1 (critical) 
and 9 (excellent). The correlation between these metrics and the NBI rating, resulting from trial 
and error, is summarized in Table 22. 

Condition (Rating) Average Error Anomalous Area Severity Score 

Excellent (9) AE ≤ 0.0020 AA ≤ 5% SS ≤ 0.0005 

Very Good (8) 0.0020 < AE ≤ 0.0035 5% < AA ≤ 10% 0.0005 < SS ≤ 0.0010 

Good (7) 0.0035 < AE ≤ 0.0050 10% < AA ≤ 15% 0.0010 < SS ≤ 0.0020 

Satisfactory (6) 0.0050 < AE ≤ 0.0100 15% < AA ≤ 30% 0.0020 < SS ≤ 0.0035 

Fair (5) 0.0100 < AE ≤ 0.0150 30% < AA ≤ 45% 0.0035 < SS ≤ 0.0055 

Poor (3-4) 0.0150 < AE ≤ 0.0200 45% < AA ≤ 60% SS > 0.0055 

Critical (1-2) AE > 0.0200 AA > 60% SS > 0.0055 

Table 22. Correlation of metrics with NBI rating 

Finally, based on the above-mentioned heatmap overlay and these correlations with NBI rating, a 
full report of the bridge’s deck and its anomaly visualization is provided. The next section 
discusses the model training results and these reports and visualizations. 

8.2. Sensitivity Analysis and Experimental Validation 

This section first discusses the selection of the above-mentioned threshold, which is based on the 
sensitivity analysis. Then it discusses the experimental validations from real-world scenarios based 
on the proposed methodology and the selected threshold. 

8.2.1 Threshold Sensitivity Analysis 

To evaluate the robustness and reliability of the anomaly detection process, a sensitivity analysis 
was performed over a range of reconstruction error thresholds from 0.010 to 0.025, with 
increments of 0.001. For each threshold value, two key metrics are computed: (i) the percentage 
of anomalous patches, defined as the fraction of image patches exceeding the threshold, and (ii) 
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the normalized severity score, calculated as the mean amount by which the anomalous patches 
exceeded the threshold. 

The sensitivity analysis was performed independently on images from 10 bridges located in New 
Mexico to observe how the system’s response varied under different surface conditions. In all 
cases, increasing the threshold led to a monotonic decline in both anomalous percentage and 
severity score. However, the rate of decline varied between bridges. These variations highlight the 
importance of careful threshold selection. A lower threshold may be overly sensitive, capturing 
minor surface variations and increasing false positives, while a higher threshold may miss early-
stage damage. Based on a balance between detection sensitivity and false anomaly suppression, 
and consistent with NBI rating transitions observed, the final operating threshold, 𝜃𝜃, is selected to 
be 0.015. All bridge condition classifications reported in Section 3 use this calibrated threshold. 

As an example of the sensitivity analysis, results for two representative bridges are shown in 
Figure 49. Based on the DOT reports, both bridges are classified as Fair (NBI rating: 5) condition. 
As shown in this figure, for Bridge 6357, the correct threshold (green dashed line) to fall within 
Fair condition is 0.015, whereas this value for Bridge 6358 was 0.012. Although both bridges have 
the same condition, their sensitivity trends exhibit distinguishable differences.  As shown in Figure 
49, Bridge 6357 maintained a relatively high anomalous area (≈38%) and normalized severity 
(≈5.4×10⁻³) at the threshold of 0.015, transitioning from Poor (NBI = 4) to Fair (NBI = 5). In 
contrast, Bridge 6358 transitioned to Fair earlier, around 0.012, with anomalous percentage and 
severity dropping more sharply, reaching ≈36% and ≈3.6×10⁻³ at the same threshold (0.015). This 
behavior suggests that Bridge 6357 has more localized or intense anomalies that quickly fall below 
threshold detection as the value increases, whereas Bridge 6358 exhibits more widespread but 
shallower anomalies that persist over a broader threshold range. 

Such analysis supports two key insights: 

1. Consistency of NBI estimation: Both bridges converge to the same 
condition rating despite their different sensitivity slopes, supporting the robustness 
of the selected threshold. 

2. Potential for prioritization: Bridges that transition later (e.g., after 0.015) 
may warrant earlier inspection or maintenance, even within the same NBI rating, 
based on the persistence of high-severity patches. 

This type of sensitivity-driven comparative profiling can thus be used to differentiate bridges 
within the same rating class and potentially inform more nuanced maintenance prioritization 
strategies. 
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Figure 49. Examples of threshold sensitivity analysis for two bridges 
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8.2.2 Experimental Validation 

To evaluate the performance of the proposed methodology in real-world scenarios, 7 bridges have 
been selected across New Mexico to predict their deck condition and NBI rating. Images from 
different sides of the bridges’ decks are collected by a UAV to be fed to the model for predictions. 
The model shows full agreement with the actual NBI ratings (DOT reports) in 6 out of 7 cases, 
achieving an 85.7% accuracy in predicting correct deck conditions. This includes precise 
classification of bridges in Fair, Satisfactory, and Poor condition categories. Table 23 summarizes 
the computed metrics for these bridges by considering the above-mentioned 0.015 threshold, and 
Table 24 compares the predictions with the real conditions and ratings. 

Bridge 
Number 

Average Reconstruction 
Error 

Anomalous Area 
(%) 

Severity 
Score 

1791 0.0102 21.60 0.0035 

5838 0.0051 4.20 0.0003 

5839 0.0094 16.00 0.0021 

5840 0.0148 37.90 0.0054 

5841 0.0169 45.20 0.0069 

6455 0.0132 35.60 0.0036 

6456 0.0273 53 0.0073 

Table 23. Computed metrics for the test bridges’ decks 

 

Bridge 
Number 

Predicted 
Condition 

Real 
Condition 

Predicted NBI 
Rating 

Real NBI 
Rating 

1791 Fair Fair 5 5 

5838 Satisfactory Satisfactory 6 6 

5839 Satisfactory Satisfactory 6 6 

5840 Fair Fair 5 5 

5841 Poor Poor 4 4 

6455 Fair Fair 5 5 
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6456 Poor Fair 4 5 

Table 24. Comparison of the predicted vs. real bridge deck conditions and NBI ratings 

 

As shown in Table 23, bridges with lower NBI ratings (e.g., Bridge_5841 and Bridge_6456) 
consistently exhibit higher average reconstruction errors, more widespread anomalous regions, and 
greater severity scores. For instance, Bridge 5841, which is rated as Poor (NBI = 4), shows an 
anomalous area of 45.2% and a high severity score. In contrast, Bridge 5338, rated as Satisfactory 
(NBI = 6), demonstrates only 4.2% anomalous area and a minimal severity score of 0.0003, 
validating the model’s sensitivity to true damage signatures. Also, in Table 24, the only mismatch 
occurred with Bridge 6456, which was predicted as Poor (NBI = 4) while being rated Fair (NBI = 
5) in the official record. However, this bridge exhibited both the highest reconstruction error 
(0.0273) and the largest anomalous area (53%), suggesting that the prediction may reflect 
emerging deterioration not yet documented in the manual inspection. This discrepancy highlights 
the proactive potential of the proposed method in detecting structural degradation earlier than 
conventional inspections, making it especially valuable for large-scale monitoring and 
prioritization. 

For practical applications, it is crucial to provide a visualization of the deck’s anomalies, as 
inspectors and decision-makers require spatially coherent visualizations of potential defects, in 
addition to condition ratings. To generate image-level anomaly maps, each test image was first 
divided into non-overlapping 64 × 64 grayscale patches. For each patch, the trained sparse 
autoencoder reconstructed the original content, and the MSE between the input and output vectors 
was computed as the patch anomaly score. These scalar errors were then spatially reassembled to 
form a 2D anomaly heatmap, preserving the patch-wise location of each score. Also, since the 
images and patches are independent, parallel computing is used to reduce the computation time. It 
is worth noting that since the model is light and parallelizable, it makes the proposed system 
suitable for deployment on the drone for real-time processing. 

Figure 50 shows examples of UAV-captured bridge deck images from underneath and the side of 
the deck of the bridge 5839, and compares them with the predicted overlay of the anomaly heatmap 
based on the proposed method of this study. Areas shown in yellow and white indicate high 
reconstruction error and thus likely surface anomalies such as cracks and spallings, while dark red 
and black areas represent well-reconstructed regions typical of healthy concrete. The top panel 
showcases an image captured from the side of the bridge deck, where prominent horizontal 
cracking is visually evident. The predicted heatmap highlights these regions with light red and 
yellow hues, correlating with the actual damage zones. The model accurately localizes distributed 
anomalies, including minor spalls and crack propagation zones that are typically hard to detect 
using classical threshold-based image processing. The bottom panel displays an under-deck view, 
where multiple intersecting cracks are present. The reconstruction-error-based heatmap 
successfully intensifies around both longitudinal and transverse cracks, reinforcing the model’s 
robustness across varying crack morphologies, orientations, and lighting conditions. The 
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localization precision is notable even in heavily textured regions where manual inspection 
becomes challenging. 

 

 
Figure 50. Sample images and predicted heatmap overlays from bridge 5839 deck 

These visual results emphasize the model’s utility not only for automated assessment and scoring 
but also for human-in-the-loop decision-making, where inspectors can use the heatmaps to focus 
their attention on the most critical structural regions. Combined with the metric reports and NBI-
based rating mentioned before, the proposed system is not only able to predict the anomalies and 
condition rating, but also can be used for deeper analysis by inspectors to prioritize the bridges’ 
maintenance based on the detailed predictions and visualizations. 
 

TASK 9: Bridge Element Identification 
9.1 Dataset Preparation 

The dataset utilized in this study comprises 144 high-resolution images of bridges, each with 
dimensions of 3040×4056 pixels. These images were collected using a DJI Mavic 2 Enterprise to 
capture detailed visual data of bridge surfaces from a top-down perspective. The primary objective 
of this dataset was to support the development of a semantic segmentation model capable of 
distinguishing bridge elements from each other and from their surrounding background 
environments. 
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Each image in the dataset was manually annotated to create a pixel-wise ground truth mask, where 
the six classes of interest were deck, girder, cross-girder, pier, pier-cap, and background. 

The annotation process was performed using MATLAB's Image Labeler application [19]. 
Annotators manually outlined the element boundaries, and the label masks were exported as 
categorical images. To ensure efficient learning while preserving the aspect ratio of the original 
images, all input images and masks were uniformly resized to a resolution of 768×1024 pixels. 
This resizing was done using bicubic interpolation for RGB images and nearest-neighbor 
interpolation for binary masks to avoid label smearing. 

The entire dataset was randomly partitioned into three subsets: 

• Training set: 110 images (~76%) 

• Validation set: 22 images (~15.0%) 

• Test set: 12 images (~9%) 

This split was designed to provide sufficient samples for model optimization while ensuring 
reliable validation and testing. It is important to ensure that the test set contains diverse examples 
with varying lighting conditions, surface textures, and obstructions such as debris or markings, to 
robustly assess the model's generalization capability. Figure 51 shows some examples of images 
of the labeling process, and Figure 52 illustrates the dataset structure. This curated dataset served 
as the foundation for training and evaluating the DeepLab v3+ semantic segmentation model 
described in the subsequent sections. 



 
 

 
 

80 

 

Figure 51. Examples of element identification image labeling 

 

Figure 52. Dataset structure for element identification model training 
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9.2 Data Augmentation 

To enhance the generalization capability of the semantic segmentation model and mitigate 
overfitting due to limited data, a suite of data augmentation techniques was applied during training. 
The original dataset consisted of only 110 training images, which is relatively small for training a 
deep convolutional neural network. Therefore, online augmentation was used to artificially 
increase the variability of the training data. 

All augmentations were performed on-the-fly using MATLAB’s “imageDataAugmenter” class, 
ensuring that each training epoch introduced slight variations in image appearance and geometry. 
The goal was to simulate realistic conditions that the model might encounter during actual UAV-
based inspections, such as different flight angles, lighting conditions, and bridge deck appearances. 

The following transformations were applied randomly and independently to each image-mask pair 
during training: 

Transformation Range / Parameters Purpose 

Random 
Reflection 50% probability Simulates bidirectional UAV flight over the 

same bridge deck 

Random Rotation ±30 degrees Simulates variations in UAV camera orientation 
during capture 

Random Scaling 80%–120% (X and Y 
independently) 

Mimics changes in UAV altitude and image 
zoom 

Table 25. Applied augmentations to the training dataset 

These augmentations were applied only to the training set, ensuring that validation and test results 
remained unbiased and representative of real-world performance. Data augmentation is especially 
critical in pixel-wise segmentation tasks because it not only increases the diversity of image 
appearance but also expands the spatial configurations that the network is exposed to. For example, 
random reflection helps the model learn symmetry in deck structures, while rotation and scaling 
aid in learning translation-invariant features. 

9.3 Model Architecture 

The model architecture employed for the semantic segmentation of bridge elements is based on 
DeepLab v3+, a state-of-the-art convolutional neural network known for its accuracy and 
efficiency in pixel-wise classification tasks [43]. DeepLab v3+ combines spatial pyramid pooling, 
atrous convolutions, and a decoder module to produce high-resolution segmentation outputs while 
maintaining deep contextual understanding. The ASPP module allows the network to perceive 
objects at multiple receptive field sizes, which is particularly useful for bridge decks that may 
appear at various scales due to changes in UAV altitude or perspective. 

In this study, DeepLab v3+ was implemented using MATLAB’s Deep Learning Toolbox, with the 
encoder initialized using a ResNet-50 backbone developed by Microsoft. ResNet-50 is a 
convolutional neural network that is 50 layers deep. We can load a pretrained version of the 
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network trained on more than a million images from the ImageNet database [44], [45]. The 
pretrained network can classify images into 1000 object categories, such as keyboard, mouse, 
pencil, and many animals. As a result, the network has learned rich feature representations for a 
wide range of images. This choice strikes a balance between model complexity and computational 
efficiency, making it suitable for deployment on resource-constrained platforms such as UAVs. 

Key architectural components of the model are briefly described in Table 26. 

Component Description 

Backbone ResNet-50 (50-layer residual network) pretrained on ImageNet 

ASPP Module Atrous Spatial Pyramid Pooling with multiple dilation rates for context 

Decoder Module Refines segmentation results by combining low- and high-level features 

Upsampling 
Strategy Bilinear upsampling to restore final output to full spatial resolution 

Output Layer Softmax classification layer for binary segmentation (deck vs. 
background) 

Table 26. Key architectural components of the DeepLab v3+ model 

The choice of input size [768×1024] preserved the aspect ratio of the original 3040×4056 images 
and allowed for efficient GPU training. The number of output classes was set to 6, corresponding. 
The model was trained using a single GPU, and the use of ResNet-50 ensured that training and 
inference were computationally tractable. This configuration also supports potential onboard 
deployment on embedded GPUs (e.g., NVIDIA Jetson platforms), aligning with real-time UAV 
inspection applications. The overall architecture follows a typical encoder-ASPP-decoder 
structure, enabling robust segmentation of bridge decks even in small datasets.  

9.4 Training Setup 

The core training configurations used to optimize the model performance, including network 
initialization, hyperparameter tuning, learning rate strategy, and training execution environment, 
are empirically tuned and listed below in Table 27. 

Parameter Value 

Optimizer Adam 

Initial Learning Rate 1e-4 

L2 Regularization Factor 0.0001 

Mini-Batch Size 4 

Max Epochs 50 
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Iterations per Epoch 27 

Max Iterations 1350 

Shuffle Every Epoch 

Validation Frequency Every 50 Iterations 

Verbose Output Enabled 

Execution Environment Single GPU 

Data Normalization Automatic per-channel 

Table 27. Training Hyperparameters for DeepLab v3+ 

The learning rate was fixed throughout training, and no custom learning rate schedule or early 
stopping was applied due to consistent improvements in training and validation accuracy. 
The training was performed on a single GPU using MATLAB's trainNetwork function. 
Automatic environment detection ensured efficient use of GPU memory and enabled real-time 
display of training metrics. The model reached convergence in under two minutes of training 
time. 
A live training plot, shown in Figure 53, displayed metrics including: 

• Training accuracy and loss 
• Validation accuracy and loss 
• Iteration-wise updates per mini-batch 

The final model achieved high training and validation performance, suggesting the selected setup 
was effective for the binary segmentation task with a relatively small dataset. 
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Figure 53. Training progress of DeepLab v3+ for element identification 

At the end of the model training process, which took 23 minutes, the validation accuracy was 
93.94%, indicating strong generalization. 

9.5 Results and Evaluation 

To evaluate the performance of the model, the following metrics have been used: 

• Global Accuracy: Ratio of correctly classified pixels to the total number of pixels. 

• Mean Accuracy: Average of per-class pixel accuracies. 

• Mean IoU (Intersection over Union): Average IoU across classes. 

• Weighted IoU: IoU weighted by pixel count per class. 

• Mean Boundary F1 Score (BF Score): Boundary matching score assessing segmentation 
contour alignment. 

The model was evaluated on a test set comprising 12 high-resolution images that were not seen 
during training or validation. The evaluation metrics obtained are summarized in Table 28. 

Metric Score 

Global Accuracy 95.06% 

Mean Accuracy 88.42% 
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Mean IoU 77.39% 

Weighted IoU 90.84% 

Mean BF Score 85.13% 

Table 28. Metrics for the overall performance of the DeepLab v3+ model 

These results are interpreted below: 

• Global Accuracy (95.06%): Indicates that nearly all pixels were correctly classified 
across the entire test set. This is a strong indicator of generalization to unseen data. 

• Mean Accuracy (88.42%): Reflects high consistency in performance across five 
element and background classes, without bias. 

• Mean IoU (77.39%): IoU is one of the most rigorous segmentation metrics, requiring a 
high overlap between predicted and actual areas. A score over 77% confirms precise 
shape and region prediction. But it is worth noting that it is improvable by refining the 
training and adding more images with cross girders.  

• Weighted IoU (90.84%): Higher than Mean IoU due to the dominance of background 
pixels, showing that the model performs well even when accounting for class 
imbalance. 

• Mean Boundary F1 Score (85.13%): A strong BF score indicates that object boundaries 
(e.g., deck edges) are sharply predicted. 

This level of segmentation performance confirms that the DeepLab v3+ model is highly effective 
at identifying bridge elements. 
To further analyze the segmentation performance of the trained model, we examine per-class 
metrics that offer insight into how well each class (deck, girder, background, etc.) was identified 
across the test set. Table 29 presents the results for accuracy, IoU, and boundary precision (BF 
Score) for each semantic class: 

Class Pixel 
Accuracy 

Intersection over Union 
(IoU) 

Mean Boundary F1 Score (BF 
Score) 

Background 96% 93% 88% 

Deck 94% 90% 80% 

Girder 98% 90% 90% 

Cross Girder 70% 42% 67% 

Pier 84% 70% 78% 

Pier Cap 88% 78% 79% 

Table 29. Class-wise evaluation results 
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Despite different elements often featuring variable textures, lighting changes, or surface defects, 
the model maintained exceptional accuracy and shape alignment. The deck and girder classes 
achieved a remarkably high accuracy of 94% and 98%, meaning nearly all their pixels were 
correctly identified. 
Finally, Figure 54 presents sample visual comparisons of the model's predictions against the 
ground truth. These visualizations affirm that the model preserves the structural integrity of 
element boundaries even under varying textures and lighting conditions. 

 
Figure 54. Samples of the DeepLab v3+ model’s predictions 
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TASK 10: Spalling Damage Segmentation in Concrete Infrastructure 
Reinforced concrete (RC) structures are widely used in infrastructure, including buildings, bridges, 
and dams, due to its exceptional strength, durability, flexibility, and stability. However, structural 
and material defects in RC structures, such as concrete spalling, exposed steel bars, and steel bar 
corrosion, are inevitably caused by natural disasters, environmental changes, and extended periods 
of use. The timely and accurate detection of concrete spalling and exposed steel bars after concrete 
spalling in reinforced concrete structures has become a task of far-reaching significance. In RC 
structures, a prevalent structural ailment is the delamination of the concrete protective layer, often 
triggered by factors such as material aging and environmental corrosion. In fact, the issue of 
concrete cover spalling can lead to prolonged exposure of the steel bars to the air. The strength of 
steel bars is significantly reduced by corrosion caused by oxygen, water, and other airborne agents, 
posing a significant threat to the integrity of the structure. Structural health detection is dedicated 
to ensuring that buildings and infrastructure can be used safely and reliably within their designed 
lifespan [55], [56]. 

A meta-optimized deep learning framework was developed for pixel-level segmentation of 
concrete spalling in inspection images. The overall workflow was designed to address two major 
challenges that commonly degrade segmentation performance in infrastructure damage detection: 
(i) severe foreground–background imbalance, because spalling typically occupies a relatively 
small portion of the image area; and (ii) heterogeneous failure modes, because spalling regions 
may appear as thin boundaries, small isolated defects, or visually ambiguous patterns that resemble 
shadows or textured background. To address these issues, the proposed framework was composed 
of four tightly coupled components: (1) structured image and mask preparation; (2) generation of 
a patch pool with explicit patch-type categorization; (3) meta-heuristic optimization of the training 
curriculum and loss formulation; and (4) final U-Net training, threshold calibration, and 
quantitative and qualitative evaluation. The workflow of the proposed framework is illustrated in 
Figure 55. 

 
Figure 55. Workflow of the proposed framework for spalling segmentation 

In the proposed framework, image patches were not treated as uniformly informative training 
samples. Instead, candidate patches were first categorized into interpretable groups representing 
common segmentation difficulties, including edge-dominant spalling, tiny spalling regions, 
textured negative regions, and shadow-like negative regions. A particle swarm optimization (PSO) 
strategy was then employed to search for an optimal sampling distribution over these patch 
categories while simultaneously optimizing the weighting between binary cross-entropy and Dice 
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losses. The objective of this search was not merely to maximize validation overlap, but to identify 
a training policy that yielded strong validation performance while maintaining high recall and 
reducing overfitting. After the meta-optimization stage, the best sampling policy and loss-mixing 
parameter were fixed and used for full training of the segmentation network. Finally, validation-
based threshold selection, test-set evaluation, and full-image qualitative overlays were performed. 

10.1 Dataset Organization and Data Representation  

The dataset used in this study consists of 1040 RGB concrete surface images (1024 pixels by 1024 
pixels) and their corresponding binary spalling masks. The pixel-wise labeling of the dataset was 
performed using MATLAB’s ImageLabeler toolbox [1]. Each image was paired with a single-
channel mask in which spalling pixels were represented by nonzero values and background pixels 
were represented by zero values. To ensure a fully supervised segmentation setting, each mask 
was converted to a binary representation according to: 

𝑌𝑌(𝑖𝑖,𝑗𝑗) = �
1,   𝑖𝑖𝑖𝑖 𝑀𝑀(𝑖𝑖,𝑗𝑗) > 0
0,      𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

   (1) 

where 𝑀𝑀(𝑖𝑖,𝑗𝑗) denotes the grayscale mask value at pixel (i, j), and 𝑌𝑌(𝑖𝑖,𝑗𝑗) denotes the binary ground-
truth label. Therefore, 𝑌𝑌(𝑖𝑖,𝑗𝑗)=1 corresponds to spalling, and 𝑌𝑌(𝑖𝑖,𝑗𝑗)=0 corresponds to background. 
Figure 56 shows several examples of the labeling process for some images and their corresponding 
binary masks. 

The complete dataset was divided into three non-overlapping subsets: training, validation, and test 
sets. The training set was used to optimize model parameters, the validation set was used for model 
selection and threshold calibration, and the test set was reserved exclusively for final performance 
evaluation. In the implementation used in this study, 728 image-mask pairs were assigned to the 
training set, 156 pairs to the validation set, and 156 pairs to the test set. This partitioning ensured 
that final performance metrics were computed on previously unseen images. 

Because the final objective was dense semantic segmentation, each image was represented as an 
RGB tensor I  ∈ ℝ𝐻𝐻×𝑊𝑊×3 , and each corresponding mask was represented as a binary tensor Y ∈
{0,1}H×W. During model training, images were normalized to the range [0,1], and masks were 
converted to floating-point binary arrays to match the expected input of the loss functions. 
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Figure 56. Examples of original images and their corresponding labeled images for spalling 

segmentation 

Direct training on full-resolution inspection images often leads to inefficient learning in damage 
segmentation tasks because the proportion of spalling pixels is usually small relative to the 
background area. Under such conditions, a network can achieve deceptively high pixel accuracy 
by over-predicting the dominant background class while failing to segment spalling regions 
accurately. In addition, full-image training may under-expose the model to localized damage 
details, especially when defects are spatially small or visually subtle. 
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To mitigate these limitations, a patch-based training strategy was adopted. Instead of training 
exclusively on full images, training patches of fixed size 512×512 were extracted from the original 
images. 

Patch-based training was adopted for three reasons. First, it increased the effective number of 
training samples because multiple patches could be extracted from each image. Second, it allowed 
the model to focus on local spalling morphology and boundary characteristics that may be diluted 
in a full-image formulation. Third, it enabled explicit control over the sampling of difficult patch 
types, which was essential for the proposed curriculum optimization. 

However, patch-based learning was not implemented using simple random cropping alone. 
Instead, a candidate patch pool was first created and then sampled according to either baseline or 
optimized policies. This distinction is important because the key novelty of the proposed 
framework lies not in patch extraction by itself, but in the optimization of which patches should 
be emphasized during training. 

A candidate patch pool was built separately for the training, validation, and test sets. For each 
image in a given split, a predefined number of random candidate patches was extracted. 
Specifically, 35 candidate patches per image were used for the training set, whereas 12 candidate 
patches per image were used for the validation and test sets. These values were selected to provide 
sufficient diversity in the training pool while maintaining a manageable computational cost for the 
validation and test pools. Each candidate patch was stored as a structured entry containing the 
image index, patch location, patch type, and spalling fraction. 

Very weak positive patches, i.e., patches containing extremely small amounts of spalling, may 
contribute disproportionate noise during optimization if retained indiscriminately. Therefore, for 
the training patch pool, a minimum positive fraction threshold was defined as 𝜏𝜏𝑚𝑚𝑚𝑚𝑚𝑚 = 0.001. For 
any patch with 0 < ρ < τmin, the patch was excluded from the training pool. This filtering retained 
genuinely informative positive patches while removing extremely sparse positive samples that 
could destabilize patch categorization and training. 

10.2 Patch-Type Categorization and Failure-Mode Modeling 

A central idea of the proposed framework was that not all patches contribute equally to 
segmentation learning. In infrastructure damage detection, several failure modes are repeatedly 
encountered: some patches contain thin damage boundaries, some contain very small defects, and 
others contain visually misleading but non-damaged regions such as rough texture or shadows. If 
these cases are sampled uniformly, the network may not allocate sufficient learning capacity to the 
most difficult and practically relevant patterns. 

To address this, each candidate patch was assigned to one of several interpretable categories: 

1. EDGE_POS: positive patch with significant spalling boundary content, 
2. TINY_POS: positive patch with a very small damaged area, 
3. NEG_TEXTURE: negative patch with strong texture likely to induce false positives, 
4. NEG_SHADOW: negative patch with dark intensity likely to resemble damage, 
5. OTHER: patches not captured by the above categories. 

This patch taxonomy served as the basis for curriculum optimization.  
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A patch-pool-based dataset class was constructed so that training patches could be sampled 
according to a specified probability distribution over patch types. During one data retrieval step, a 
patch type t was first sampled, and then a candidate patch belonging to that type was selected 
uniformly from the corresponding subset of the patch pool. In this way, the network did not sample 
image locations directly, but rather sampled from a structured pool through a category-aware 
policy. 

For the validation and test patch datasets, no data augmentation was applied, and uniform patch-
type sampling was used to ensure consistency in evaluation. For the training patch dataset, 
augmentation was applied and the patch-type probabilities were either fixed (for baseline 
experiments) or optimized (for the proposed method). The training patch dataset size was defined 
using a target number of samples per epoch rather than by enumerating every patch in the pool. 
Specifically, 8000 patch samples per training epoch were used, whereas 1200 validation patch 
samples per epoch were used. This approach provided a stable and reproducible training schedule 
while maintaining flexibility in how patches were sampled. 

Data augmentation was employed during training to improve generalization and reduce sensitivity 
to geometric orientation and illumination variation. Augmentation was applied only to training 
data and not to validation or test data. The following transformations were used: 

• horizontal flip with probability 0.5, 
• vertical flip with probability 0.5, 
• random 90-degree rotation with probability 0.5, 
• shift-scale-rotate transformation with translation limit 0.05, scale limit 0.15, rotation limit 

20∘, and probability 0.7, 
• random brightness and contrast adjustment with probability 0.5. 

These augmentations were selected because they preserve the structural identity of concrete 
spalling while increasing appearance diversity. In particular, geometric transformations help the 
network become less sensitive to acquisition angle, while brightness/contrast transformations 
improve robustness to changing illumination. 

10.3 Segmentation Network Architecture 

A U-Net architecture was adopted as the base segmentation model. U-Net was selected because of 
its strong performance in binary semantic segmentation and its widespread use as a reference 
model in infrastructure damage detection. The use of a well-established architecture was 
intentional so that improvements could be attributed to the proposed training strategy rather than 
to a more complex network design. 

U-Net is a deep learning model designed for image segmentation, where the goal is to classify 
each pixel in an image. It was originally developed for biomedical image segmentation but has 
since been widely used in various fields, including remote sensing, medical imaging, and structural 
damage detection [50]. U-Net follows a fully convolutional neural network (FCNN) architecture, 
meaning it does not use fully connected layers like traditional CNNs. Instead, it is structured in a 
U-shaped design, consisting of two main parts [8]: 

1. Encoder (Contracting Path): Extracts important features from the input image by 
progressively reducing its size through convolutional and pooling layers. 
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2. Decoder (Expanding Path): Reconstructs the image by gradually increasing its resolution 
and using skip connections to retain fine details. 

Figure 57 shows the layers of the U-Net model used in this study for 512 pixels by 512 pixels 
images for binary spalling segmentation. 

 
Figure 57. U-Net architecture of this study for spalling detection 

After completion of the meta-optimization stage, the best sampling distribution and best α were 
fixed, and a final U-Net model was trained from scratch. The training process was performed using 
the full training patch dataset and the same augmentation strategy described previously. The 
optimizer used was AdamW with a learning rate of 10−3. Training was performed for 35 epochs. 
At the end of each epoch, performance was evaluated on the fixed validation patch loader, and the 
model with the highest validation IoU was saved. This model selection strategy was adopted to 
avoid choosing a model based on test performance. 

To maintain a consistent evaluation format with the training and validation protocol, test 
performance was first computed using a patch-based global pixel-wise evaluation. A test patch 
pool was constructed in the same manner as the validation patch pool, and a fixed number of test 
patch samples per epoch was used. For the selected threshold, the following metrics were 
computed: 

• Intersection over Union (IoU): 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹

 

• Dice coefficient: 2𝑇𝑇𝑇𝑇
2𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹

 

• pixel accuracy: 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
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• precision: 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹

 

• recall: 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹

 

• F1-score: 2 .  𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 .  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

 

Where TP is true positives, TN is true negatives, FP is false positives, and FN is false negatives. 

 

10.4 Training Results  

Before training the model, as mentioned above, PSO has been used to optimize the training 
curriculum and the loss-mixing coefficient. Figure 58 presents the convergence behavior of the 
PSO procedure used to optimize. The vertical axis represents the global best fitness, where lower 
values indicate better solutions, and the horizontal axis represents the PSO iteration number. The 
best fitness improves from approximately −0.515 at the first iteration to about −0.528 by the fourth 
iteration, after which the curve remains unchanged through iteration 10.  

The figure indicates that the meta-optimization process converged rapidly and stably. A substantial 
improvement is observed during the first few iterations, showing that the swarm was able to 
quickly identify a more favorable region of the search space. This early improvement suggests that 
the optimization problem was sufficiently structured for PSO to exploit informative gradients in 
the fitness landscape, even though the objective itself was evaluated through short-burst neural 
network training rather than through an explicit analytical function. 

After iteration 4, the global best fitness remains nearly constant. This plateau indicates that the 
swarm had reached a stable optimum, or at least a near-optimal region, and that additional 
iterations did not produce further meaningful gains. From a methodological standpoint, this 
behavior is important because it shows that the proposed meta-search did not oscillate excessively 
and did not exhibit unstable or erratic optimization dynamics. In other words, the search space 
defined by the curriculum weights and the loss-mixture coefficient appears to be well posed and 
sufficiently smooth for PSO. 
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Figure 58. PSO convergence behavior 

For the training progress, Figure 59 presents the learning dynamics of the proposed framework 
over 35 training epochs. The training loss decreases monotonically, while the validation loss 
remains within a stable range after an initial decline, indicating effective optimization without 
severe overfitting. Training and validation IoU both improve substantially, with the validation IoU 
stabilizing at a relatively high level despite moderate epoch-to-epoch fluctuations that are expected 
in patch-based damage segmentation. Pixel accuracy remains high throughout training, reflecting 
robust background classification, whereas recall remains consistently strong on the validation set, 
confirming the ability of the proposed model to preserve damage sensitivity under inspection-
oriented learning objectives. Overall, the curves suggest that the meta-optimized curriculum and 
loss formulation lead to stable convergence and balanced segmentation performance. 
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Figure 59. Results of the optimized model training progress 

By the end of training, the proposed framework achieved strong performance on both the training 
and validation sets, indicating that the network learned a highly effective representation of spalling 
morphology while maintaining satisfactory generalization. At epoch 35, the training metrics 
reached a loss of 0.2987, IoU of 0.745, pixel accuracy of 0.9250, precision of 0.768, and recall of 
0.961. These values show that the model fit the training data well and was particularly successful 
in identifying damaged pixels, as evidenced by the very high recall. This behavior is consistent 
with the recall-oriented design of the proposed framework, in which the curriculum optimization 
and loss formulation were intended to reduce false negatives and improve sensitivity to spalling 
regions. 

On the validation set, the model achieved a loss of 0.4315, IoU of 0.626, pixel accuracy of 0.9342, 
precision of 0.715, and recall of 0.835 at the same epoch. Although a moderate gap is observed 
between the training and validation IoU and recall values, the validation performance remained 
strong and stable, suggesting that the model generalized well despite the difficulty of the 
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segmentation task and the heterogeneous nature of the validation patches. The validation pixel 
accuracy slightly exceeded the training accuracy, which is not unusual in highly imbalanced 
segmentation problems where background pixels dominate. Overall, these results, which are 
represented in Table 30, indicate that the proposed method produced a robust segmentation model 
with high overlap quality and strong damage sensitivity, while maintaining acceptable precision 
on previously unseen data. 

Set/Metric Loss IoU Pixel Accuracy Precision Recall 

Training 0.2987 0.745 0.9250 0.768 0.961 

Validation 0.4315 0.626 0.9342 0.715 0.835 

Table 30. Training and validation performance at the end of the model training 

10.5 Testing Results 

To evaluate the performance of the proposed methodology and trained model, a separate test 
dataset, which is unseen to the model, has been analyzed to report the confusion matrix, 
performance metrics, and prediction overlays.  

Figure 60 presents the pixel-level confusion matrix of the proposed method on the test set. A large 
number of true negatives (238,094,641) is observed, which is expected because background pixels 
dominate concrete surface images. More importantly, the number of true positives (43,712,448) is 
substantially larger than the number of false negatives (4,274,534) indicating that the model 
successfully identified the majority of spalling pixels. This behavior is consistent with the high 
recall achieved by the proposed framework and confirms that the model remained sensitive to 
damaged regions rather than collapsing toward conservative background prediction. 

At the same time, the number of false positives (28,491,177) is higher than the number of false 
negatives, which reflects the operating preference of the proposed system. In safety-critical 
infrastructure inspection, over-detection is generally more acceptable than missed damage, since 
false positives can be reviewed during subsequent assessment, while false negatives may lead to 
undetected deterioration. Therefore, the confusion structure shown in Figure 60 supports the 
intended design objective of the proposed framework: to prioritize reliable damage capture while 
maintaining reasonable overall segmentation precision. When interpreted together with the 
reported IoU, Dice, precision, and recall values, the confusion matrix confirms that the method 
achieved a practically meaningful balance between overlap quality and inspection-oriented 
sensitivity. 
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Figure 60. Pixel-level confusion matrix of the proposed method on the test set 

On the test set, the proposed framework achieved an IoU of 0.5716, Dice coefficient of 0.7274, 
pixel accuracy of 0.8958, precision of 0.6054, recall of 0.9109, and F1-score of 0.7274. These 
results indicate that the model maintained strong generalization performance on previously unseen 
data and, most importantly, preserved a high level of sensitivity to spalling regions. The recall of 
0.9109 shows that the vast majority of damaged pixels were successfully identified, which is 
particularly valuable in infrastructure inspection where missed damage is generally more critical 
than moderate over-segmentation. The Dice and F1 values, both equal to 0.7274, further confirm 
that the predicted masks retained a substantial level of agreement with the ground-truth damage 
regions. 

At the same time, the precision value of 0.6054 indicates that the proposed method favored a recall-
oriented operating point, producing some false positives in exchange for a relatively low number 
of false negatives. This behavior is consistent with the design philosophy of the proposed 
framework, which explicitly prioritized recall during meta-optimization and threshold selection in 
order to support safety-critical spalling detection. Although the pixel accuracy remained high at 
0.8958, this metric should be interpreted together with IoU and recall because background pixels 
dominate the test images. Overall, the test results, summarized in Table 31, demonstrate that the 
proposed framework achieved a practically meaningful balance between segmentation overlap and 
defect sensitivity, making it suitable for automated damage screening applications in concrete 
infrastructure inspection. 

Set/Metric IoU Dice Pixel Accuracy Precision Recall F1 

Test 0.5716 0.7274 0.8958 0.6054 0.9109 0.7274 



 
 

 
 

98 

Table 31. Test-set performance of the proposed framework 

Finally, in Figure 61, some of the predictions of the trained model based on the proposed 
framework are shown. The figure shows the original images and the prediction overlays, where 
yellow areas are true positives (correctly predicted spalling), green areas are false negatives (not 
correctly predicted spalling), red areas are false positives (not a spalling, but predicted as spalling), 
and the remaining areas with no color are true negatives (correctly predicted no spalling). 

 
Figure 61. Prediction overlays of the trained model 
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TASK 11: Software Development for Crack Detection and Quantification 
11.1 Model Adaptation 

The purpose of this task is to develop a web-based application that supports automated crack 
detection and quantification for bridge inspections. The web-based application processes aerial 
imagery collected by drones, enabling bridge inspectors to identify, localize, and measure cracks 
on bridge deck surfaces in a rapid and efficient manner. The web application features an intuitive 
user interface, replicates the functionality demonstrated in Task 7 by the research team at New 
Mexico State University (NMSU), and delivers accurate, data-driven results generated from the 
deep learning model developed in Task 7. In addition, the web application integrates visualization 
and reporting tools to support decision-making, allowing inspectors to analyze, document, and 
manage bridge deck condition data quickly and efficiently. 

The research team at NMSU provided a trained segmentation model (i.e., trained_unet.mat), the 
original MATLAB training script (i.e., main_model.m), and a dataset of training and testing drone 
images to the research team at the University of New Mexico (UNM). However, the model was 
stored in MATLAB format, which is not natively compatible with Python-based frameworks, the 
primary framework used for the web application under development. 

Initial attempts at directly converting the .mat model into a Python-compatible format were 
unsuccessful. To address this, the development team at UNM analyzed the provided MATLAB 
script to understand the model architecture and training methodology. Leveraging the drone 
imagery dataset provided by NMSU, the training pipeline was then faithfully replicated in Python 
with TensorFlow, effectively recreating and modernizing the model in a framework suitable for 
deployment within a web-based environment. This ensured continuity with NMSU’s methodology 
while enabling integration into a scalable, production-ready architecture. 

11.2 Web Application Integration 

The web application was built using Flask and designed to provide bridge inspectors with a clear 
and straightforward workflow. Although NMSU’s example executable (MyAppInstaller_web.exe) 
was not used directly, it served as a reference for the intended user interface behavior. Building on 
this design guidance, the application enables bridge inspectors to: 

• Upload drone-acquired aerial images of bridge deck surfaces for analysis; 
• Define and select a specific area of interest (AOI) within an image for detailed analysis; 
• Submit analysis requests to the backend for automated processing; 
• Have each request logged in the backend database as a job, ensuring full traceability and 

enabling asynchronous processing. 

11.3 Processing Service 

To manage computationally intensive model inference without compromising the responsiveness 
of the web application, a standalone Gunicorn-based Python service was developed. This service 
continuously polls the database for new jobs, upon detecting one, performs the following steps: 

• Retrieves the associated drone imagery and defined AOI; 
• Executes the TensorFlow-based crack detection model; 
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• Generates segmentation masks and calculates detailed quantitative crack metrics such as 
crack length and crack density, and spatial distribution across the AOI; 

• Updates the job status in the database and stores the processed results; 

This architecture decouples the user interface from backend processing, ensuring that inspectors 
interact with a responsive, user-friendly web application even while computationally intensive 
tasks are executed in the background. By supporting asynchronous job management and scalable 
deployment, the system improves operational reliability and enables inspectors to analyze large 
datasets across multiple projects simultaneously. Inspectors can upload drone imagery, define an 
AOI, and receive automated crack detection and quantification results through the web-based 
interface, streamlining the workflow of bridge deck inspection. 

By retraining the model in TensorFlow and integrating it into a modular Flask/Gunicorn 
architecture, the web application meets the functional requirements specified by NMSU while 
addressing the practical operational needs of bridge inspectors. This solution demonstrates the 
potential of combining drone-based imaging with deep learning models to accelerate structural 
health monitoring, providing both visual segmentation and quantitative crack metrics for informed 
decision-making. The modular design further establishes a foundation for future improvements, 
including support for additional bridge defect types, real-time drone-to-web integration, and 
expanded visualization capabilities for inspection reporting. 

 

  
Figure 62. The user interface of the online crack detection and quantification tool 

 

TASK 12: Software Development for Deck Identification 
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The objective of this task is to develop a web-based application to support the automatic 
identification of bridge decks from imagery collected via various remote sensing platforms, 
including but not limited to drones. The web application will leverage a deep learning model 
provided by the research team at NMSU and deliver results through an intuitive and user-friendly 
interface, consistent with the framework established in Task 6. This approach ensures that bridge 
inspectors can efficiently process and analyze imagery while maintaining continuity with the 
methodologies and workflows developed in previous tasks.  

12.1 Model Adaptation  

For this task, the research team at NMSU provided a trained semantic segmentation model, 
deeplabv3plus_bridge_deck.mat. Unlike the crack detection model described in Task 6, the 
development team at UNM was able to convert it from MATLAB format into ONNX successfully, 
a widely supported open standard for representing machine learning models.  

This direct conversion eliminated the need to replicate the training process in TensorFlow, 
allowing the model to be used natively within Python via the ONNX format. By leveraging ONNX, 
integration into the web application was significantly streamlined, reducing development time and 
minimizing potential errors associated with retraining or reimplementation. Importantly, this 
approach preserved the accuracy, functionality, and behavior of the original NMSU model, 
ensuring fidelity to the validated methodology while enabling seamless deployment within the 
Python-based Flask/Gunicorn architecture. 

12.2 Web Application Integration  

The web application was developed using Flask, following the same architectural principles 
established in Task 6 to maintain consistency across tools. The interface enables inspectors to:  

• Upload imagery of bridges from drones, handled cameras, or other sources.  
• Submit the imagery for backend processing using the ONNX bridge deck model.  
• Retrieve and visualize the segmentation results identifying bridge decks.  

This architecture builds upon the database-driven job management system implemented in Task 6, 
enabling scalable processing and reliable tracking of all submitted analysis requests. By 
centralizing job management, the system ensures that each request is accurately logged, monitored, 
and processed, supporting asynchronous execution, improving operational efficiency, and 
providing a robust foundation for handling large volumes of bridge inspection data. 

12.3 Processing Service  

A dedicated Gunicorn-based Python service was deployed to manage model execution efficiently 
and reliably. This service continuously monitors the backend database for new bridge deck 
identification jobs. Once a job is detected, the service performs the following step:  

• Retrieves the associated imagery from the database.  
• Executes the ONNX-based bridge deck model for semantic segmentation.  
• Generating segmentation results that clearly highlights bridge deck areas.  
• Updates the job record in the database with both the processed outputs and the current 

status, including detailed metadata, ensuring full traceability and transparency. 
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By leveraging and adapting the processing pipeline developed in Task 6, development effort was 
significantly reduced, while ensuring a robust, modular, and scalable architecture. This approach 
not only supports efficient integration of the bridge deck identification model but also enhances 
maintainability, reliability, and performance, providing a solid foundation for future extensions, 
such as additional defect detection, real-time processing, and expanded visualization capabilities. 

12.4 System Workflow  

The system workflow closely mirrors the crack detection pipeline described in Task 6, with the 
key distinction being the integration of the ONNX-based bridge deck identification model. While 
the overall architecture and process logic remain consistent with the previously established 
pipeline, this adaptation enables the system to specifically detect and segment bridge decks from 
diverse imagery sources. The steps in the workflow are as follows:  

• Inspectors submit bridge imagery via the web application;  
• A new job record is created in the backend database; 
• The Gunicorn service detects the job and applies the ONNX deck identification model;  
• Segmentation outputs are stored in the database;  
• Inspectors access and visualize the deck identification results through the web interface.  

The completed system enables inspectors to efficiently, accurately, and consistently identify bridge 
decks from various remote sensing platforms, including drone-acquired high-spatial resolution 
aerial imagery. By leveraging the ONNX format, the development team avoided the need to retrain 
the model, significantly accelerating deployment while maintaining full fidelity to the original 
methodology. This approach preserves the modular and scalable architecture introduced in Task 
6, ensuring that both the frontend and backend components can handle large volumes of data and 
multiple simultaneous users without compromising performance. 

The solution demonstrates the versatility and adaptability of the architecture to accommodate a 
range of inspection tasks beyond bridge deck identification, highlighting its potential for broader 
applications in structural health monitoring. The reuse of the Flask frontend, database-driven job 
management system, and Gunicorn backend service not only ensures a consistent, intuitive, and 
responsive user experience but also provides a robust foundation for integrating additional models, 
supporting real-time analysis, and expanding visualization and reporting capabilities in future 
bridge inspection workflows. By combining automated model execution with a streamlined web 
interface, the system empowers inspectors to make informed, data-driven decisions more 
efficiently, ultimately enhancing maintenance planning and safety management. 
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Figure 63. The user interface of the online bridge deck detection tool 

 

TASK 13: Software Development for Bridge Element Identification 
The objective of this task was to extend the capabilities of the previously developed web-based 
bridge inspection portal by integrating automated detection of multiple bridge components from 
aerial imagery acquired through UAS. In earlier phases of the project, portal functionality was 
focused primarily on the identification of bridge decks. While valuable, this narrow scope 
constrained the portal’s utility for comprehensive structural assessments. To address this 
limitation, the current effort incorporated an enhanced deep learning model capable of detecting a 
wider array of critical structural elements. The enhanced model was trained and optimized to 
recognize not only bridge decks but also cross girders, main girders, pier caps, and piers, thereby 
a more holistic understanding of bridge condition and structural performance. 
This expanded detection capability required not only improvements to the underlying model but 
also careful integration into the established portal framework. Consistency with prior design 
principles, particularly regarding usability, workflow efficiency, and interface clarity, was 
essential to ensure that the upgraded portal remained intuitive for inspection personnel. 
Consequently, the user interface and data processing pipeline were refined to support seamless 
submission of UAS imagery and timely retrieval of analysis outputs.  
Furthermore, the integration of multi-element detection into the inspection workflow has important 
implications for the broader bridge asset management. By automating the identification of several 
key structural components, the system reduces the reliance on manual review and minimizes the 
potential for human oversight during initial screening. As the volume of UAS-based inspection 
data continues to grow, such automated tools will play an increasingly critical role in enabling 
transportation management agencies to process, interpret, and act upon structural health 



 
 

 
 

104 

information with greater accuracy and efficiency, while simultaneously supporting cost-effective 
inspection and maintenance operations. 
To achieve this enhanced functionality, the development effort incorporated a newly developed 
semantic segmentation model provided by NMSU. This model served as the core analytical engine 
for identifying multiple bridge components on UAS-captured imagery. The existing web 
application, implemented using the Flask framework, was systematically extended to support 
multi-element detection workflows. These enhancements allowed inspectors to upload imagery 
(Figure 64), initiate automated analyses through the backend processing pipeline, and 
subsequently review the outputs in the form of color-coded segmentation masks corresponding to 
each detected structural element (Figure 65).  
The updated capability was integrated seamlessly into the job management system established in 
earlier project phases, ensuring consistency in task handling, status reporting, and results retrieval. 
A dedicated system service manages the execution of the deep learning model by continuously 
monitoring the database for pending element detection jobs. When a job is identified, the service 
retrieves the corresponding imagery, applies preprocessing steps such as resizing, normalization, 
and optional enhancement, and runs the model to generate detailed semantic segmentation outputs. 
Each predicted class is mapped to a predefined color palette, producing both a standalone 
segmentation mask and an overlay image for intuitive and informative visualization in the web 
interface for each predicted class.  

 
Figure 64. The user interface designed to facilitate the submission of images for automated 

detection and classification of bridge structural components 
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Figure 65. The output interface for identified bridge elements 

Collectively, these enhancements significantly strengthened the portal’s end-to-end functionality, 
creating a more comprehensive, efficient, and user-friendly inspection workflow. By automating 
key processes, the portal increases scalability, reduces manual effort, and accelerates the 
processing of large volumes of UAS imagery, while producing standardized and reliable outputs. 
These capabilities support better-informed, data-driven decision-making for bridge maintenance 
and management, facilitate consistent reporting, and enhance the overall accuracy, reliability, and 
effectiveness of structural assessments. 
 

TASK 14: Software Development for Anomaly Detection and NBI-Correlated 
Bridge Deck Ratings 
The objective of this task was to extend the existing web-based bridge inspection system by 
implementing an automated anomaly detection and NBI-correlated deck rating service. This 
enhancement enables quantitative assessment of bridge deck condition by leveraging imagery 
acquired by inspectors or UAS. The portal is designed to identify anomalous regions indicative of 
structural deterioration, aggregate reconstruction-error statistics, and generate global condition 
assessments that correspond to the standardized NBI rating scale. By incorporating this capability, 
the portal establishes a standardized, data-driven framework for bridge inspection that augments 
traditional visual assessments. It enables inspectors and engineers to identify structural anomalies 
in a systematic way, quantify deterioration in an accurate manner, and evaluate overall deck 
condition using objective metrics. This approach not only improves the consistency and 
repeatability of inspections but also supports evidence-based decision-making for maintenance 
prioritization, resource allocation, and long-term asset management, ultimately enhancing the 
safety, reliability, and efficiency of bridge infrastructure operations. 
Upon image upload (Figure 66), the portal supports multiple files in a single session and accepts 
a wide variety of common image formats. Each image is converted to grayscale to standardize 
input and reduce computational complexity. The image is then divided into non-overlapping 64×64 
pixel patches, which are normalized to prepare for model inference. This patch-based approach 
allows for localized detection of anomalies, improving sensitivity to subtle structural defects that 
may be missed in full-image analysis. The system computes reconstruction error for each patch 
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using mean squared error (MSE), with patches exceeding a threshold of 0.015 designated as 
anomalous. This threshold was empirically determined to balance sensitivity and specificity for 
detecting areas of potential deterioration. 
The preprocessed patches are passed through a pre-trained anomaly detection model. For each 
image, the patch-level errors are aggregated into an error map, which is up-sampled to full 
resolution and overlaid onto the original grayscale image to produce a heat map. The heat map 
provides a visual representation of anomalous regions, enabling inspectors to interpret areas of 
concern in a rapid fashion. This visualization supports both single-image and multi-image 
workflows, facilitating rapid assessment of multiple decks within a single inspection session. 
After processing all uploaded imagery, the system computes global metrics across the dataset, 
including the average reconstruction error, the proportion of anomalous patches, and a normalized 
severity score. These metrics provide a quantitative summary of deck condition and form the basis 
for assigning a bridge-level assessment. A custom rule-based classifier maps the aggregated 
metrics to both a descriptive condition label (ranging from “Excellent” to “Critical”) and an NBI-
equivalent deck rating (ranging from nine [9] to one [1]). The classification logic applies 
empirically determined thresholds on average error, anomalous area percentage, and severity score 
to ensure consistency with the NBI condition scale. 
All computed outputs, including patch-level error maps, heat maps, global metrics, descriptive 
condition labels, and NBI-equivalent ratings, are stored within the system and presented through 
the web interface for inspector review (Figure 67). This automated workflow seamlessly integrates 
with the existing inspection platform, preserving established job management, file handling, and 
model execution frameworks. By automating anomaly detection and condition rating, the system 
reduces reliance on manual interpretation, enhances scalability for processing large volumes of 
UAS imagery, standardizes reporting, and improves the reliability and repeatability of bridge 
condition assessments. Overall, this enhancement provides inspectors and maintenance planners 
with a robust, data-driven tool for evaluating structural health, prioritizing interventions, and 
supporting long-term infrastructure management. 
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Figure 66. The user interface designed to facilitate the submission of images for automated 
anomaly detection and NBI-correlated bridge deck ratings. 

 
 

 
Figure 67. The outputs of the anomaly analysis comprising heat maps of detected regions, patch-

level error metrics, and aggregated quantitative indicators of bridge deck condition. 

 
 

TASK 15: Software Development for Concrete Spalling Detection 
15.1 Objective 

The primary objective of this task is to integrate a deep learning-based model for the automated 
detection of concrete spalling, developed by NMSU, into a pre-existing web-based bridge 
inspection platform created by the University of New Mexico (UNM) team. As mentioned in the 
previous section, concrete spalling, characterized by the progressive detachment, flaking, or 
fracturing of the surface layer of concrete, represents a significant deterioration mechanism that 
can compromise structural integrity, reduce load-carrying capacity, and accelerate further 
degradation if left undetected. Early detection of spalling is therefore critical for the maintenance, 
preservation, and safety assessment of bridge infrastructure. Traditional inspection methods rely 
heavily on manual visual inspection, which is labor-intensive, subject to human error, and often 
limited in scope, particularly for large or difficult-to-access structures. The integration of 
automated spalling detection offers the potential to enhance inspection efficiency, reduce 
subjective bias, and enable timely maintenance interventions. 
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The online inspection platform has been designed and developed as a comprehensive platform for 
drone-based bridge inspection, with capabilities including the planning of drone flight paths, the 
organization and storage of inspection data, and the processing and analysis of imagery acquired 
from both aerial and ground-based cameras. In the present task, the platform is being extended to 
incorporate automated analytical capabilities for the identification of regions exhibiting structural 
degradation within captured images. The integration of the NMSU deep learning model enhances 
the platform by enabling automated, pixel-level detection of spalled regions in concrete surfaces, 
thereby generating both quantitative metrics and qualitative visual outputs that are immediately 
interpretable by human inspectors. A primary emphasis of the integration effort was to ensure 
seamless interoperability between the model and all platform components, including the frontend 
visualization interface, the backend computational pipeline, and the database-driven job 
management system. The overarching objective of this integration is to deliver a robust, fully 
operational system capable of providing accurate and interpretable spalling detection results, while 
requiring minimal specialized technical expertise from end users. 

15.2 Model Adaption, Web Application Integration, and Processing Service 

The model provided by NMSU was based on the U-Net architecture, a convolutional neural 
network (CNN) framework that has become widely adopted for image segmentation tasks 
requiring precise localization of features within complex visual scenes. The U-Net model was 
trained to identify spalled regions at the pixel level, enabling highly granular detection that is 
critical for structural health monitoring applications. Semantic segmentation using U-Net is 
particularly advantageous in this context because it enables the identification and localization of 
subtle textual and morphological variations in concrete surfaces associated with early-stage 
deterioration. Unlike conventional image classification approaches, such as standard CNNs or 
patch-based classifiers, which typically analyze images at a coarse regional level, U-Net performs 
pixel-level prediction. This capability preserves fine spatial details and structural context, allowing 
the model to capture small-scale defects that might otherwise be overlooked. Consequently, U-Net 
provides greater sensitivity to fine-grained structural anomalies, improving the accuracy and 
reliability of early defect detection in concrete infrastructure such as bridges. 

The model was provided by the NMSU team in the Open Neural Network Exchange (ONNX) 
format, a platform-independent standard designed to facilitate interoperability across diverse 
machine learning frameworks and runtime environments. The availability of the model in ONNX 
format eliminated the need for additional retraining or model conversion, thereby preserving the 
original learned parameters, architectural configuration, and performance characteristics. By 
maintaining the integrity of the pre-trained model, this approach reduces the risk of performance 
degradation and minimizes potential sources of error that may arise from retraining on limited 
datasets or from incompatibilities introduced during cross-framework conversion. Furthermore, 
the ONNX format enables seamless deployment across different computational environments and 
hardware platforms without modification. This portability enhances reproducibility and ensures 
consistent model performance throughout the research workflow. 

For deployment, ONNX Runtime was incorporated into the existing Python-based backend 
environment of the online inspection platform. ONNX Runtime provides a highly optimized 
inference engine designed to execute ONNX models efficiently, particularly on CPU-based 
servers. This capability makes it particularly suitable for web-based applications, where access to 
specialized hardware such as graphics processing units (GPUs) may be limited or unavailable. By 
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enabling efficient model execution on standard CPU-based computing infrastructure, ONNX 
Runtime supports scalable and accessible deployment within web-integrated analytical platforms. 
Moreover, the runtime’s optimization features, including graph-level and kernel-level 
performance enhancements, reduce inference latency and improve throughput, enabling the system 
to handle multiple concurrent inspection requests without compromising responsiveness. This 
approach also ensures that the model operates consistently and reliably across different user 
environments, preserving its performance characteristics during real-world use. 

The integration process followed the preprocessing and inference protocols specified by the 
NMSU team. Adhering to these established procedures ensured that the operational conditions 
within the UNM platform remained consistent with those used during the model’s original training 
and validation. Maintaining this alignment is essential for preserving the model’s predictive 
reliability and ensuring that inference results generated within the deployed environment 
accurately reflect the performance characteristics demonstrated during model development. 
Moreover, following the original protocols substantially reduces the chance of errors or 
inconsistencies that could affect the model’s results. This approach also makes it easier for other 
researchers or practitioners to reproduce the results under similar conditions, increasing confidence 
in the model’s reliability and usefulness for real-world applications. 

Image preprocessing is a critical step in maintaining model fidelity and ensuring reliable 
predictions. Raw images captured by drones during inspections were first processed using standard 
image processing libraries to guarantee consistent handling and uniform compatibility across the 
dataset. Because camera sensors typically store images in BGR (Blue-Green-Red) color order, 
while the model had been trained on RGB (Red-Green-Blue) inputs, each image was converted to 
RGB to preserve color consistency, which is essential for accurate feature representation. 
Subsequently, pixel values, originally represented as unsigned 8-bit integers ranging from 0 to 
255, were normalized to a floating-point range between 0 and 1. This scaling not only standardizes 
the input data but also ensures that the numerical range aligns with the conditions under which the 
model was trained. By standardizing intensity values, normalization reduces distortions and 
potential biases in the model’s predictions caused by variations in illumination or sensor 
calibration, while also improving numerical stability during inference. 

In addition to color conversion and normalization, particular emphasis was placed on preserving 
the spatial resolution and structural fidelity of the images, as fine-grained textural and 
morphological features are critical for the accurate identification of early-stage deterioration in 
concrete surfaces. Preprocessing procedures were designed to ensure that subtle surface variations, 
including small-cracks and minor structural irregularities, were retained without distortion or 
blurring, thereby maintaining the level of detail required for effective feature extraction by the 
model. By standardizing these preprocessing steps and rigorously adhering to the protocols 
established during model training, the input data preserves the characteristics essential for accurate 
and robust inference across diverse real-world inspection conditions. 

Following normalization, the images were systematically reshaped to conform to the input tensor 
format required by the U-Net model. Specifically, images were transformed from the conventional 
height × width × channel (H × W × C) layout to channel × height × width (C × H × W), reflecting 
the ordering expected by the network architecture. To accommodate batch processing, an 
additional dimension was introduced, resulting in a four-dimensional (4D) tensor compatible with 
ONNX Runtime inference sessions. This preparation ensures that each image precisely aligns with 
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the structural and dimensional specifications of the neural network, which is critical for preserving 
the spatial and contextual relationships necessary for accurate segmentation. Furthermore, 
standardizing the tensor shape across all input images facilitates efficient parallel computation 
during inference and mitigates the risk of shape-related errors that could otherwise compromise 
the model’s predictive reliability. By rigorously adhering to these data formatting procedures, the 
preprocessing pipeline guarantees that the U-Net model receives inputs that are fully consistent 
with the conditions under which it was trained, thereby optimizing segmentation performance and 
robustness in real-world inspection scenarios. 

During inference, the preprocessed tensors were submitted to ONNX Runtime, which executed 
the U-Net model to produce raw output logits for each pixel. These logits represent the model’s 
degree of confidence regarding whether each pixel belongs to a spalled region. A sigmoid 
activation function was subsequently applied to convert the logits into probability values bounded 
between 0 and 1. A probability threshold of 0.5 was employed to generate a binary segmentation 
mask, with pixels exceeding this threshold classified as spalled and those below classified as intact 
concrete. This binary output provides a quantitative, machine-readable representation of detected 
spalling regions, which can be used for automated assessment, statistical analysis, or integration 
into broader structural health monitoring workflows. 

In addition to the binary segmentation mask, the platform generates a visual overlay in which the 
detected spalled regions are superimposed onto the original inspection image with partial 
transparency. This visualization preserves the spatial and contextual details of the underlying 
concrete surface while emphasizing areas of deterioration, thereby facilitating intuitive 
interpretation by human inspectors. The overlay allows rapid evaluation of the spatial distribution, 
extent, and relative severity of spalling, enabling inspectors to prioritize maintenance actions and 
make informed decisions in real time. By providing both the quantitative binary mask and the 
visually interpretable overlay, the platform supports automated analysis for downstream 
processing, such as statistical quantification, defect trend monitoring, and integration with 
structural health monitoring databases, while simultaneously enhancing human interpretability and 
operational usability. This dual output approach ensures that the system is not only analytically 
robust but also practically applicable in field inspection scenarios, bridging the gap between 
machine-generated predictions and actionable insights for infrastructure management. 

15.3 Web Application User Interface and Output 

The developed web application offers an intuitive and user-friendly interface for uploading and 
analyzing images containing potential spalling, effectively streamlining the inspection workflow 
for both automated and human-guided assessment. As illustrated in Figure 68, users initiate the 
process by selecting one or more images through the "Choose Image(s)" button, which opens a 
standard file selection dialog compatible with common image formats. Once the images are 
selected, the interface displays the names of the uploaded files and provides options to remove any 
undesired images, enabling users to verify and refine their selection prior to processing, as shown 
in Figure 69. Following confirmation, the application executes the complete inference pipeline, 
automatically processing the images through the deployed U-Net model and ONNX Runtime 
framework. The final output, presented in Figure 70, is delivered in two complementary formats 
to support diverse analytical, operational, and reporting needs. First, a binary segmentation mask 
is produced, providing a precise, machine-readable representation of the detected spalling regions 
suitable for quantitative analysis, trend monitoring, or integration into broader structural health 
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assessment workflows. Second, a visual overlay is generated by superimposing the detected 
spalled areas onto the original images, preserving critical contextual details and enabling 
inspectors to intuitively interpret the spatial distribution, extent, and relative severity of the defects. 
This dual-output framework not only ensures analytical rigor and reproducibility but also enhances 
practical usability, bridging the gap between automated computational analysis and human 
inspection to support informed decision-making in real-world infrastructure monitoring and 
maintenance applications. As a result, the web application in the online inspection platform 
supports informed, evidence-based decision-making in real-world infrastructure monitoring, 
facilitating timely maintenance interventions, prioritization of critical defects, and integration with 
broader structural health assessment workflows.  

 
Figure 68. User interface for uploading inspection images, featuring the "Choose Image(s)" 

button for selecting files 
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Figure 69. Preview of uploaded images with the option to remove any undesired files before 

processing 

 

 
Figure 70. Final output of the inference pipeline, including both a binary segmentation mask and 

a visual overlay highlighting detected spalled regions on the original image 
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TASK 16: UAS-Enabled Bridge Inspection Workshop 
In order to transfer the technology and knowledge required for UAS-enabled bridge inspection to 
NMDOT bridge inspectors through a workshop, the following agenda has been developed by 
NMSU and UNM teams, which includes both hands-on and mind-on panels: 

March 19th  

9:30-10:00 Coffee and check-in 

10:00-10:15 Welcome remarks  

10:15-11:00  

Module 1: UAS Fundamentals and Use Cases 

• Multi-rotor vs. fixed-wing, payloads (RGB, oblique, thermal), GNSS/RTK 

• Bridge-specific constraints: occlusions, GPS-denied areas, wind and ground effect 

11:15 -12:00  

Module 2: FAA Regulations and Pilot Certification 

• Part 107 overview, waivers (for example night operations), LAANC, airspace classes 

• Crew roles (PIC and VO), preflight documentation, and incident reporting 

12:00-1:00 Lunch 

1:15-2:00  

Module 3: Pilot Training Pathway 

• Part 107 exam prep resources, recurrent training, record-keeping 

• Agency SOPs and risk management (SMS principles) 

2:15-3:15  

Module 4: Data Collection Strategies for Bridge Inspection 

• Flight envelopes for decks, girders, diaphragms, and barriers 

• Nadir and oblique capture, baseline overlap, GSD targets, exposure control 

• Under-bridge tactics: standoff, lighting, and prop-wash considerations 

• QC checklists (coverage heatmaps and redundancy for shadowed areas) 

3:30-4:00 

Module5: Data Processing Software Showcase 
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• AI workflow overview: semantic segmentation and crack masks 

• Tooling landscape: commercial and open-source options, hardware sizing 

Closing for the day 

 

March 20th:  

9:30-10:00 Coffee and check in  

10:00-11:30 

Module 6: Simulator Lab (Hands On) 

• Basic flight controls and emergency procedures 

• Automated mission design: waypoint, corridor, and structure-scan templates 

• Telemetry interpretation and fail-safe drills 

11:30 -1:00 Lunch and Preparation for Site Demonstration 

1:30-After  

Module 7: Field Demonstration (Site Dependent)  

• On-site hazard brief, cordon setup, and stakeholder communication 

• Mission execution with live telemetry screen 

Rapid QA on captured imagery (coverage and sharpness) 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 

 
 

115 

Concluding Remarks 
Based on this report, the following concluding remarks can be stated: 

1) Task 1 established the foundational requirements for safe, compliant, and effective UAS 
operations for bridge inspection. By summarizing the pathways for both first-time pilots and 
existing Part 61 certificate holders, the task provides a practical guide for obtaining and 
maintaining FAA Part 107 remote pilot certification. The outlined procedures support the 
development of qualified personnel capable of conducting UAS-based bridge inspections in 
accordance with federal aviation requirements and agency safety expectations. 

2) Task 2 identified the key factors that should guide UAS platform and payload selection for 
bridge inspection applications. The comparison of UAV types, endurance, payload capacity, 
stability, cost, and sensor compatibility demonstrates that multi-rotor UAVs equipped with 
appropriate RGB, thermal, or LiDAR sensors can effectively support different inspection 
objectives. The recommendations developed in this task provide a practical basis for selecting 
hardware that balances data quality, operational safety, cost efficiency, and mission-specific 
requirements. 

3) Task 3 demonstrated the importance of systematic pre-flight planning, camera calibration, and 
mission design for accurate UAS-based bridge inspection. The integration of GSD calculations, 
flight height selection, image overlap considerations, and both in-lab and on-site camera 
calibration improved the reliability of image-based measurements. The validation results 
confirmed that calibrated imagery can enhance crack-width estimation accuracy, supporting more 
reliable and repeatable bridge condition assessment. 

4) Task 4 developed and evaluated a flight path optimization framework to improve the efficiency 
of UAS-based inspection missions. By incorporating Particle Swarm Optimization, area coverage 
constraints, image overlap requirements, obstacle avoidance, and geographic coordinate 
conversion, the proposed approach enables more efficient waypoint generation for bridge 
inspection. The results showed that optimized flight paths can reduce flight time and energy 
consumption, helping address the limited battery endurance of multi-rotor UAVs while 
maintaining adequate inspection coverage. 

5) Task 5 established a comprehensive bridge inspection dataset collected from multiple bridges 
across New Mexico using UAS-based RGB and infrared imaging. The collected data include 
diverse structural components, surface conditions, and damage patterns, creating a valuable 
foundation for image processing, machine learning model training, validation, and testing. 
Continued dataset expansion and refinement will further improve the robustness, generalizability, 
and practical applicability of automated bridge inspection models. 

6) Task 6 developed a deep learning-based semantic segmentation framework for automatic bridge 
deck identification from UAS imagery. The trained DeepLab v3+ model demonstrated strong 
performance in distinguishing deck surfaces from surrounding background elements, even under 
varying textures, lighting conditions, and image perspectives. This capability provides an essential 
preprocessing step for downstream inspection tasks, including crack detection, deck condition 
assessment, and automated damage quantification. 

7) Task 7 developed a deep learning-based crack detection and quantification framework using 
UAS-acquired bridge deck imagery. The U-Net-based segmentation model enabled pixel-level 
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identification of cracks and supported quantitative assessment through crack coverage and related 
damage metrics. The results demonstrate the potential of combining UAV imagery and deep 
learning to support faster, more objective, and more scalable bridge deck condition evaluation. 

8) Task 8 introduced an automated bridge deck health evaluation framework that connects UAS 
imagery, unsupervised anomaly detection, and NBI-aligned condition assessment. By using sparse 
autoencoder-based reconstruction error maps and aggregated deck-level metrics, the framework 
enables label-free identification of anomalous regions and supports condition rating interpretation. 
This approach provides a promising pathway for transforming large volumes of UAV imagery into 
standardized, decision-support information for bridge asset management. 

9) Task 9 expanded the UAS-based inspection framework by developing a semantic segmentation 
model for identifying multiple bridge elements, including decks, girders, piers, pier caps, and other 
structural components. Automated bridge element identification improves the organization and 
interpretation of inspection imagery by linking visual data to specific structural components. This 
capability supports more detailed condition assessment, improved reporting, and future integration 
with element-level bridge management systems. 

10) Task 10 developed a deep learning-based framework for concrete spalling segmentation using 
UAS imagery and optimized model training. The proposed method produced pixel-level spalling 
masks and visual overlays that allow both quantitative analysis and intuitive interpretation of 
damaged regions. The results demonstrate that automated spalling segmentation can support more 
consistent, efficient, and objective evaluation of concrete surface deterioration in bridge inspection 
workflows. 

11) Task 11 translated the crack detection and quantification model into a web-based inspection 
tool. By recreating the model in a Python-compatible framework and integrating it into a 
Flask/Gunicorn-based architecture, the developed software enables users to upload images, define 
areas of interest, process inspection data, and obtain automated crack detection outputs. This task 
represents an important step toward practical deployment of AI-assisted crack assessment tools for 
bridge inspectors. 

12) Task 12 implemented the bridge deck identification model within a web-based application 
environment. The developed interface and backend processing workflow allow users to upload 
inspection imagery and automatically identify bridge deck regions. This software capability 
improves usability, supports efficient preprocessing of UAS imagery, and provides a scalable 
foundation for integrating deck-level analysis into broader bridge inspection and condition 
assessment workflows. 

13) Task 13 extended the web-based inspection platform to support automated identification of 
multiple bridge structural elements. By integrating a multi-class semantic segmentation model into 
the existing software architecture, the system enables users to process UAS imagery and obtain 
color-coded outputs for different bridge components. This expanded functionality improves the 
platform’s usefulness for comprehensive bridge inspection and supports more organized, 
component-specific structural assessment. 

14) Task 14 integrated the anomaly detection and NBI-correlated bridge deck rating framework 
into the web-based inspection platform. The software enables automated generation of heat maps, 
reconstruction-error metrics, and aggregated condition indicators from uploaded bridge deck 
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imagery. This capability helps convert image-based inspection data into interpretable condition 
information, supporting more efficient screening, prioritization, and data-driven bridge 
maintenance decision-making. 

15) Task 15 implemented the concrete spalling detection model into the online inspection platform, 
enabling users to upload inspection images and receive automated segmentation masks and visual 
overlays of spalled regions. The developed tool bridges the gap between deep learning model 
development and practical field application by providing outputs that are both quantitatively useful 
and visually interpretable. This functionality supports more efficient defect documentation, 
maintenance planning, and structural health monitoring. 

16) Task 16 supported technology transfer by developing and delivering a UAS-enabled bridge 
inspection workshop for NMDOT personnel. The workshop combined technical instruction, 
regulatory guidance, data collection strategies, software demonstrations, and field-based learning 
to improve practical understanding of UAS inspection workflows. This effort strengthened the 
connection between research outcomes and implementation, helping prepare transportation 
personnel to adopt UAS and AI-assisted tools for bridge inspection and asset management. 
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