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ABSTRACT

DIGITAL TWINS FOR STRUCTURAL INSPECTION, ASSESSMENT, AND

MANAGEMENT

With the rapid advancements in remote sensing, uncrewed aircraft systems (UAS), computer

vision, and machine learning, more techniques to maintain and evaluate the performance of the

built infrastructure become available; however, these techniques are not always straightforward to

adopt due to the remaining challenges in data analytics and the lack of executable actions that can

be taken. The paper proposes a Digital Twin, which is a virtual representation of structures and

has a myriad of applications to better assess and manage civil infrastructure. The proposed Digital

Twin includes the techniques to store, visualize, and analyze the data collected from a UAS-enabled

remote sensing inspection and computational models that support decision-making regarding the

maintenance and operation of structures. The data analysis module identifies the location, extent,

and growth of a defect over time, the structural components, and connections from the collected

image with artificial intelligence (AI) and computer vision. In addition, the three-component (3C)

dynamic displacements are measured from videos of the structure. A model library within the dig-

ital twin to assess the structure’s performance, which includes three types of models, is proposed:

1) a visualization model to provide location-based data query, 2) an automatically generated finite

element (FE) model as a basis for simulation, and 3) a surrogate model which can quickly predict

a structure’s behavior. Ultimately, the models in the library suggest executable actions that can be

taken on a structure to better maintain and repair it. A discussion is presented showing how the

Digital Twin can assist decision-making for structural management.
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Chapter 1

Introduction

1.1 Background

As computer vision, machine learning, and uncrewed aircraft systems (UAS) technologies

evolve, more techniques to maintain and evaluate the built infrastructure become available. De-

spite the recent progress, the full potential of these advancements still is rarely realized in practice

due to the lack of executable actions a bridge manager can take regarding repairs and maintenance

decisions. Department of Transportations (DOTs) find the use of new technology difficult and

impractical from a perceived lack of benefit and additional work required to collect and analyze

the data [2]. Digital Twins (DTs), which first appeared in the manufacturing realm and aircraft

maintenance with the United States Air Force (USAF) provides a basis to analyze the data and

suggest executable actions automatically. A DT is a virtual representation of the real world with a

myriad of applications. DTs have made an appearance in both research and practical applications

as they provide stakeholders with a potential framework for the management of assets. DTs repre-

sent the current state of a specific asset and are used as a basis for simulation to assess the current

condition and predict future wear and performance. The application of DTs to civil infrastructure

is explored as a means to better manage the built environment, maintain the existing infrastruc-

ture, and achieve the American Society of Civil Engineering’s (ASCE’s) Vision 2025 for a more

sustainable and efficient future [3].

1.2 Motivation

A DT platform provides a basis for a streamlined inspection, data analytics, simulation, perfor-

mance assessment, performance prediction, and decision-making. Under current bridge manage-

ment practices, there is little opportunity to provide a holistic overview of the structure’s current

state and future performance. First, during the inspection process, conventional bridge inspec-
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tion procedures regulated by the Federal Highway Administration’s (FHWA) Bridge Inspection

Reference Manual and The American Association of State Highway Transportation Officials’

(AASHTO) Manual for Bridge Evaluation [4, 5], can be relatively subjective, unsafe, slow, and

costly. Inconsistency in ratings due to the subjectivity of human inspectors is very common [6].

Variations of ratings in routine, bi-yearly inspections of ±2 points or greater have been reported

for 32% of bridges [7]. The direct and indirect costs of the current inspection procedure includ-

ing renting/purchasing/operating the equipment, the wages of the inspectors, and the economic

impact due to prolonged traffic interruptions can be significant. Moreover, once the inspection is

complete, typically a report is written documenting the defects or found problems. In the next

inspection cycle, the report will typically be reviewed prior to the inspection and may not be used

again to assist in future decision-making. The full potential of the collected data is not realized.

There is a lack of executable action that can be directly attained from the inspections and created

reports. To take full advantage of information that can be gathered during an inspection and pro-

vide a more comprehensive framework to represent the current and future condition of a structure,

a new framework needs to be developed. To tackle these aforementioned issues, a DT is proposed

which is a comprehensive platform to provide a holistic overview of a structure’s health. In this

context, a DT is developed to provide a complete digital representation of the physical structure.

In the proposed platform, a model library will be incorporated within the DT to provide a basis

for simulation, performance assessment, and future performance predictions. The DT provides:

1) a framework to capture data with optical cameras attached to a UAS in a cheap and portable

platform, 2) a module for the analysis of the collected data to identify defects and anomalies with

computer vision and artificial intelligence (AI), and 3) a model library surrogate models, visualiza-

tion models, and finite element (FE) models to allow for more in-depth analysis and simulations.

A comprehensive framework is proposed to provide various metrics to assess the current state,

models to predict future performance, and a module to assist in the decision-making of the struc-

ture. A DT is constructed on a bridge-by-bridge basis through the proposed framework to allow

for performance assessments and decision-making on specific structures.
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1.3 Literature Review

In the literature, researchers often refer to building information models (BIMs) and model

updating in general as DTs; however, there are distinctions among the three [8, 9]. BIMs are

a convenient tool for understanding the performance of a structure. BIMs incorporate a simple

storage solution with localized information (i.e., a visualization model with clickable attributes to

display information) [10, 11]. For instance, BIMs are able to display information about defects

in a structure such as localization and quantitative metrics [10, 12, 13]. In [10], the authors were

able to build a visualization model with images collected with UASs and map the component-

level defects onto a visualization model with the use of “damage cubes” (the term “damage cubes”

was coined in [12]). However, a BIM cannot model the structure’s behavior, nor can it provide

decision-making support on how to maintain and repair the structure. On the other hand, model

updating in general can provide updated or real-time information about a structure and provide

assessments of the current condition [14–17]. For instance, in [15], the authors created a large-

scale, high-fidelity FE model of a steel substructure of a power plant, updated the FE model with

data from ten accelerometers, and estimated the fatigue damage. In [16], using accelerometers

attached to a structure (i.e., the Canton Tower in China), an FE model was updated and validated

based on sensor data, and the uncertainty of the stiffness parameters was estimated. In another

example in [17], a model updating methodology is discussed to estimate the stiffness reduction

of a structure due to damage. Although model updating in general is a powerful tool to improve

a model based on data, it does not offer the benefits of a BIM nor provide support to facilitate

operations and inspections of a structure. A DT, in contrast, incorporates a variety of models

including data-driven (i.e., AI), visualization, and computational models to holistically represent

the physical structure. A DT supports decision-making and management by providing structural

performance assessments, predictions, and simulations under various operational and maintenance

conditions [18, 19]. Essentially, a DT can offer more advantages beyond those of BIM and model

updating.
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DTs have been used within the USAF and have been explored for civil structures. Within the

USAF, DTs represent the current status of a specific aircraft and are used as a basis for simula-

tion to predict future wear and decay [19, 20]. During inspections, the data is linked to the DT

and updated to provide the most accurate information possible. Simulations are executed virtually

to understand how the aircraft will perform in certain situations and modify operational modes if

needed. Data from the aircraft and environment is fused together and provides real-time assess-

ments of the aircraft [20]. Compared to the application of DT in aircraft, its adoption in civil

structures is still rudimentary. [21] developed a small-scale DT which incorporated a weigh-in-

motion (WIM) sensor and Revit model to determine in real-time the weight of a scale truck over

a bridge and save the data with the BrIM. [22] developed a scale model DT of a two-story frame

with attached sensors to demonstrate a proof of concept of physical-to-virtual interactions with a

Bayesian model to demonstrate decision-making. A DT has been proposed in [23] for a bridge

outfitted with 291 sensors and provided real-time assessments of the structure using a visualiza-

tion model. Although real-time surveillance provided a wealth of knowledge, attaching multiple

sensors on many structures within a DOT would be unpractical. A cost-effective DT for civil

infrastructure constructed using a portable remote-sensing platform is still in need of development.
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Chapter 2

Digital Twin Framework

Leveraging the advancements of structural health monitoring (SHM), a DT provides a platform

to store and update collected data, analyze and organize the data, model structural behavior, and

perform assessments and predictions of the structure for decision-making. Despite the DT’s benefit

for decision-making, manually assembling, annotating, and updating a DT on a bridge-to-bridge

basis would be too tedious, time-consuming, and impractical. Therefore, to streamline decision-

making and provide quantitative information about a structure, a DT needs to be established and

updated with minimal user input. Leveraging the power of UASs provides a cheap, easy, and

portable data-collection tool for infrastructure inspection. This section will discuss the workflow

of building and using a DT from a UAS inspection of the structure.

Figure 2.1: Evolution and modules of the Digital Twin

The evolution of the DT follows the framework presented in Figure 2.1. First, an inspection of

a structure is performed using optical sensors attached to a UAS. The optical sensors will collect

the raw images and record video. Additional data such as operational (i.e., average daily traffic,
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vehicle loads, etc.), environmental (i.e., wind, temperature, etc.), and non-destructive evaluation

(NDE) results (i.e., delamination measurements, concentration of rust, rebar section loss, etc.)

can also be collected from the structure and incorporated within the DT; however, this paper only

examines processing the load data, images, and video collected by UAS. Once the data is collected,

it first passes through preliminary analysis. The preliminary data analysis finds: 1) the defects and

cracks on the structure through AI and computer vision, 2) the growth rate of the defects, 3) the

3-component (3C) dynamic displacements from the collected videos, and 4) the segmentation of

the components of the structure from the collected images through AI. Next, with the preliminary

data analysis complete, the model library within the DT is established for performance assessment

and prediction. The advantage of a DT is the ability to query and fuse different types of data as

inputs to visualization, assessment, and prediction models. There are a variety of model types

that can be utilized within a DT: 1) visualization (i.e., 3D point cloud, photorealistic models),

2) AI (i.e., defect detection, component detection models), 3) FE (i.e., high or low-fidelity FE

models) and 4) surrogate (i.e., stress intensity factor models). The visualization model is used

as a location-based query tool to identify and select data and is the basis for the user to interact

with the DT. The additional model types perform simulations and assessments of the structure to

facilitate decision-making. Predictions can be made based on the data and additional models to

understand future performance and allow for cost/benefit analysis on how to maintain a structure.

In the following chapters, each aspect of the DT will be explained in detail on how to build and

use the DT. First, the data analytics module is explained with each data analytic tool discussed in

Chapter 3. With the preliminary data analysis complete, the model library is presented in Chapter 4.

Two case studies are presented in Chapter 5 on a concrete bridge and a steel bridge to show how

a DT integrates data and model to provide decision-making support. Lastly, the conclusions and

anticipated contributions are discussed in Chapter 6.
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Chapter 3

Data Analytics

3.1 Introduction

In this module, the raw data collected by the UAS will be initially processed to be used directly

for decision-making or treated as input into the model libraries. There are five blocks within this

module to analyze the data. Block #1 first identifies the defects in the structure (Section 3.2).

An AI network is proposed to identify the cracks in the images at a pixel level. The network

is trained with images of steel cracks. Block #2 identifies the growth of a defect over time if

successive inspections occur (Section 3.3). The proposed methodology was tested on concrete

cracks in a laboratory setting, but the general methodology is applicable to other defects in various

materials as discussed in the section. Block #3 is able to measure the 3C dynamic displacement

of the structure. In this block, three different methodologies were developed. In Section 3.4

the 2C dynamic displacements of a blast-loaded cable are measured using a single camera. A

field test is conducted with a UAS hovering above a cable as a small explosive is detonated to

excite the cable. Next in Section 3.5, using a single sensor that incorporates infrared and optical

cameras, the 3C dynamic displacements are measured for close-range measurements and tested in

a laboratory setting. The last methodology of Block #3 in Section 3.6 provides a more general

approach to measure 3C dynamic displacements of full-sized structures using four optical sensors

attached to a UAS. In Block #4, the components of the structure are identified using the collected

images (Section 3.7). This block provides a framework to have component-level damage and

streamline the FE model compilation discussed later in Section 4.2. An AI network is proposed and

is trained using a synthetic dataset of concrete railway viaducts; however, application on real-world

structures is also discussed. Lastly, Block #5 proposes an AI network to automatically identify the

connections of a structure from the images collected (Section 3.8). The technique to identify the

location and type of connection within images of a bridge is proposed. Two networks are trained
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on data of steel and concrete connections. Each of the aforementioned blocks is discussed in the

following with separate subsections of motivation, objectives, methodology, and results.

3.2 Task 1: Defect Identification

3.2.1 Task 1: Motivation

Early detection and assessment of cracks is a vital step for guiding effective maintenance and

repair strategies to prolong a structure’s life [24]. A delayed crack detection may lead to the pro-

gression to more severe defects, causing structure closure and significant cascading economic loss

due to impaired mobility. This is evident by the closure of the Interstate-40 bridge across the Mis-

sissippi River near Memphis, Tennessee, in May 2021 due to the failure of early detection of a

crack in a steel truss member. The indirect cost was approximately 2.4 million USD per day of

closure for the trucking industry due to the longer travel times, and increased traffic load along the

detour route [25]. Although a drone video in May 2019 showed the initial crack on the Interstate-40

bridge, the inspector did not report it. This type of human error and its severe consequences high-

light the need to develop more reliable early crack detection and structural assessment techniques.

This section discusses the use of an AI network to automatically find the pixel-level location of the

cracks in steel members. This proposed technique has been published in [26].

The research on leveraging the advances in computational power (with the use of graphical

processing units (GPUs) and tensor processing units (TPUs)), machine learning (ML), and remote

sensing to enhance civil infrastructure inspection has become very active [27–37]. ML algorithms

such as neural networks have been used in the identification of cracks from images of steel and

concrete structures to provide more reliable inspections compared to the human-based visual in-

spection or data analysis [30–37]. For concrete structures, various neural networks (i.e., [34–37])

or computer vision techniques (i.e., black hat transform and canny edge detection) [10, 38–41]

have been successfully used to identify cracks at a pixel-level. However, for steel structures, most

existing studies only outlined the region of the defect using neural networks; while studies on the

pixel-level location of the crack or defect are rare [42]. This is mainly because the pixel-level
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identification with neural networks is more challenging for steel structures since steel cracks often

have a smaller width (typically on the order of 0.05 - 1.5-mm) and images of steel have a greater

variation of color of both the background and cracks (i.e., rusted or paint/coating). One should

note that the pixel-level identification of cracks is beneficial for steel structures as it allows precise

extraction of crack length, kink angle, and location information needed for in-depth assessment of

structural condition (discussed in Section 4.3.) Therefore, there is a need to develop reliable ML

techniques for pixel-level steel crack identification.

In this context, an accurate and efficient U-Net architecture to enable pixel-level steel crack

identification is proposed. The proposed AI architecture to achieve semantic segmentation is a

U-Net which consists of an encoder and decoder. The encoder reduces the input, P (x, y), into

a latent-space representation by z = g(P (x, y)) and the decoder then predicts the outputs by

P̃ (x, y) = f(z). However, having only an encoder-decoder network results in a loss of fine-

grained information from the dimension reduction in the encoder; therefore, skip connections are

added to link the encoder to the decoder at various levels to retain the fine-grained information.

With the skip connections, the model combined semantic information from deeper layers with

coarser information and appearance information from shallower and finer layers. The U-Net ar-

chitecture is chosen because 1) it was originally developed for pixel-level segmentation [43], and

2) it has accurate performance and a fast training process. The proposed U-Net in this study is

adapted from a specific U-Net that uses the VGG-19 convolutional neural network (CNN) as the

basis for the encoder [36] (later referred to as U-Net-VGG-19). The VGG-19 network was origi-

nally developed by [44] as a deep CNN for classification and has demonstrated robust performance

in crack classification [30–32,36], satellite image classification [45], and biomedical image classi-

fication [46]. Using VGG-19 as the encoder, the U-Net-VGG-19 has achieved enhanced accuracy

due to more convolutional layers than the original U-Net and has been successfully used in the

segmentation of concrete cracks. However, the development of U-Net-VGG-19 did not focus on

processing speed, and the net has never been applied for steel cracks [36]. A recent study used an-

other modified version of the original U-Net to identify steel cracks on a pixel level; however, this
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technique requires additional processing time due to the morphological transformation needed in

the post-processing [42]. Through a systematic parametric study, the architecture of the original U-

Net-VGG-19 is significantly modified to establish a new U-Net suitable for pixel-level steel crack

identification. This modified U-Net focuses on achieving good accuracy and high computational

efficiency.

The section is organized as follows. First, the development of the U-Net is discussed in detail,

including the components and architecture of the network. Next, the data sets used to train, vali-

date, and test the proposed network are discussed. Lastly, the results of the trained networks are

presented.

Objectives

1. Identify cracks in steel structures with images collected with a UAS

2. Perform a parametric study to build an efficient AI network

3. Identify the compromise between the efficiency and accuracy of the proposed architecture

3.2.2 Task 1: Methodology

To quickly and accurately identify the cracks in a steel structure, a U-Net network is developed

to determine the pixel-level location of the steel cracks from the images. Other crack identifica-

tion techniques such as morphological transformations, which perform at a much faster process-

ing speed than neural networks, were tested; however, these techniques struggled to distinguish

between markings, dirt, rust, and cracks resulting in a poorer performance [10, 38–41]. The archi-

tecture of a U-Net is symmetrical with an encoder (i.e., convolutional/pooling layers) and decoder

(i.e., transposed convolutional layers). Layers from the encoder are added to the decoder layers of

the same size; therefore, the architecture of the encoder dictates the architecture of the decoder.

The encoder reduces the size and increases the depth of the input through convolutions and pooling

to extract features in the image. In this U-Net implementation, the encoder is loosely based on the

well-researched VGG-19 CNN classifier [44]. The VGG-19 has 16 convolutional layers and three
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fully connected layers; however, since segmentation, and not classification, was the application in

this study, the last three fully connected layers were replaced with convolutional layers. Moreover,

to decrease the size of the network and achieve a higher computational efficiency, some of the

convolutional layers were removed. For practical use of the U-Net, systematic tests on various net-

work architectures were conducted to measure the effect of the hidden layers of the network with

an emphasis on evaluating processing speed and accuracy. With an increase in the network size

(i.e., the total number of parameters in the network), a higher accuracy of the network is typically

expected but at a slower processing speed, and vice-versa. This trade-off will be discussed further

in the results section (Section 3.2.3).

U-Net Architecture for Defect Identification

The following will discuss all the components used to build the proposed U-Net. The com-

ponents (i.e., convolution, transposed convolution, pooling, normalization, etc.) used within the

U-Net are not unique and are the typical components one would find in a neural network or CNN;

however, the architectural design is original. The convolution is the primary process of the encoder

within the U-Net. It is a technique to extract features from an image and store the features in fea-

ture maps to determine whether a pixel is cracked or un-cracked. In this proposed architecture, the

convolutional size is (3, 3), and the stride is set to (1, 1), so there is no size reduction during a con-

volution. A rectified linear unit (ReLU) is used for the activation function to bound the output of

the convolution and eliminate the vanishing gradient problem. Normalization of the features was

performed after each Convolutional block. Next, average pooling was used to reduce the dimen-

sions of the feature map. At the end of the last two convolutional blocks, a dropout layer was added

to randomly disconnect 40% of the connections to the next layer during training, which helps to

prevent overfitting of the network. On the decoder side of the U-Net, the transposed convolution

technique with a ReLU activation function was used to transform a sparser feature map into a

denser feature map. It is the primary process within the decoder. In this proposed architecture, the

size, stride, and shape vary depending on the encoder architecture to ensure that the output label

is the same size as the input image. Finally, a SoftMax layer was added to scale the final output
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so that the sum of all the classes of a pixel is equal to 1. The results can be loosely interpreted as

a probability distribution over each pixel to which class the pixel belongs (i.e., the binary class of

cracked or non-cracked).
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Figure 3.1: Full network architecture of Net1 (orange layers: convolution operator with a ReLU activation

function; red layers: average pooling operator; blue layers: transposed convolution operator with a ReLU

activation function; and purple layer: SoftMax operator)

With the components defined, the U-Net architecture is assembled. The initial proposed U-

Net architecture is shown in Figure 3.1 and Table 3.1 in the Net1 column. To further improve the

efficiency of the network, a parametric study was conducted to test the accuracy and processing

speed of a variety of architectures. The networks with different architectures were built by sys-

tematically removing layers of the initial network. The performance of the tested networks on

identification accuracy and processing time for a full-sized, 16-MP images in the validation set

were evaluated against the network size (i.e., the total number of parameters). The initial network

has the most layers and number of parameters; the number of layers was subsequently reduced in

modified networks. There were a total of 16 networks tested in the preliminary study and the re-

sults of five representative nets, Net2, Net3, Net4, and Net5, were reported in this paper (Table 3.1).

Each network was trained using an Adam optimizer with the initial parameters set to a He normal

distribution [47]. A Python script using the TensorFlow library [48] was used in Google Colab

Pro during training with 8 TPUs and 32-GB of RAM. The learning rate was set to 0.001, and

201 epochs were performed during the training process with a validation evaluation at every five

12



epochs. Training for each U-Net took about six hours. To further reduce the network size and data

storage requirements, gray-scaled images were also tested and evaluated using the same network

designs in Table 3.1; however, the initial input layer (i.e., gray-scaled image) would have a shape

of (256, 256, 1) instead of (256, 256, 3) used for the color images (Table 3.1). The change of the

input layer for processing gray-scaled images slightly modifies the architecture of the U-Net due to

the connection between the input layer and the first convolutional layer. Four metrics are defined

to determine the accuracy performance of the U-Net: accuracy, recall, precision, and F1 score.

Accuracy is defined as,

acc =
True Positive + True Negative

True Positive + True Negative + False Positive + False Negative
(3.1)

Recall is defined as,

recall =
True Positives

True Positives + False Positives
(3.2)

Precision is defined as,

precision =
True Positives

True Positives + False Negatives
(3.3)

Lastly, the F1 score is defined as,

F1 = 2 ∗ precision ∗ recall

precision + recall
(3.4)

With each metric, a value of 1 is perfect. Next, the processing time is evaluated. The processing

time is defined as the total time required to 1) apply a border around a 16-MP image, 2) crop the

image into 1,014 - 256×256 images, 3) run the cropped images through the U-Net, and 4) restitch

the outputs of the U-Net into the full 16-MP image. The time evaluation was performed with an

Nvidia GeForce GTX 1060 graphics card and 6-GB of GPU-RAM. Each image was processed

separately, and the average time to process an image was reported.
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Table 3.1: Architecture of tested U-Nets (Note, the stride and shape of the Transposed Convolutional Layers

will vary depending on the U-Net chosen)

Name Parameter Size Stride Shape Net1 Net2 Net3 Net4 Net5
Input

Input Image - - - (256, 256, 3) X X X X X

Convolutional Layers

Conv11 64 (3, 3) (1, 1) (256, 256, 64) X X X X X

Conv12 64 (3, 3) (1, 1) (256, 256, 64) X X X X X

Norm1 - - - (256, 256, 64) X X X X X

Pooling1 - (2, 2) (2, 2) (128, 128, 64) X X X X X

Conv21 128 (3, 3) (1, 1) (128, 128, 128) X X X X X

Conv22 128 (3, 3) (1, 1) (128, 128, 128) X X X X X

Norm2 - - - (128, 128, 128) X X X X X

Pooling2 - (2, 2) (2, 2) (64, 64, 128) X X X X X

Conv31 256 (3, 3) (1, 1) (64, 64, 256) X X X X X

Conv32 256 (3, 3) (1, 1) (64, 64, 256) X X X X X

Conv33 256 (3, 3) (1, 1) (64, 64, 256) X X

Conv34 256 (3, 3) (1, 1) (64, 64, 256) X X

Norm3 - - - (64, 64, 256) X X X X X

Pooling3 - (2, 2) (2, 2) (32, 32, 256) X X X X X

Dropout1 40% - - - X X X

Conv41 512 (3, 3) (1, 1) (32, 32, 512) X X X X

Conv42 512 (3, 3) (1, 1) (32, 32, 512) X X X X

Conv43 512 (3, 3) (1, 1) (32, 32, 512) X X

Conv44 512 (3, 3) (1, 1) (32, 32, 512) X X

Norm4 - - - (32, 32, 512) X X X X

Pooling4 - (2, 2) (2, 2) (16, 16, 512) X X X X

Dropout2 40% - - - X X

Conv51 1024 (3, 3) (1, 1) (16, 16, 1024) X X

Conv52 1024 (3, 3) (1, 1) (16, 16, 1024) X X

Norm5 - - - (16, 16, 1024) X X

Pooling5 - (2, 2) (2, 2) (8, 8, 1024) X X

Conv6 2048 (2, 2) (1, 1) (8, 8, 2048) X X

Dropout3 40% - - (8, 8, 2048) X X

Conv7 4096 (2, 2) (1, 1) (8, 8, 4096) X X

Dropout4 40% - - - X X

Transpose Convolutional Layers

TransConv1 512 (4, 4) X X X X

Add1 Pooling4 + TransConv1 X X X X

TransConv2 256 (4, 4) X X X X X

Add2 Pooling3 + TransConv2 X X X X X

TransConv3 128 (4, 4) X X

Add3 Pooling2 + TransConv3 X X

TransConv4 2 (16, 16) (256, 256, 2) X X X X X

Prediction

SoftMax1 - - - (256, 256, 2) X X X X X
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Data Processing

To test the proposed U-Net architectures, three datasets were combined and used for training,

validation, and testing (Dataset 1: 120 - 4,928×3,264 resolution images [41, 49], Dataset 2: 50

- 4,928×3,264 resolution images [50], and Dataset 3: 80 - 4,928×3,264 resolution images [49]).

The datasets came from publicly available sources. Two of the datasets were pre-labeled; however,

the third dataset was only of the steel crack images (i.e., unlabeled) and was, therefore, used for

testing purposes. Moreover, since the three datasets came from different sources, with various data

capture techniques, cameras, resolutions, and scaling, combining the datasets for use within the

U-Net demonstrated the generalizability of the proposed U-Nets.

With the 140 - 4,928×3,264 images and corresponding labels from the 2 labeled datasets,

the dataset was ready to be built. The full-sized images and labels were cropped into 256×256

images. Since the crack identification was the purpose of the U-Net, a sliding window was used

to search for the cracked location by querying every 10 pixels for a crack label in the center of

a 256×256 window. Once a pixel was identified, the image was cropped and randomly shifted

up/down and left/right within ± 110 pixels to ensure that the crack location was not exactly in

the center of the image. The sliding window technique for the crack location resulted in 31,072

- 256×256 resolution images of cracks. Because the sliding window technique queried every 10

pixels and the images were randomly shifted ± 110 pixels, the overlap of the images was reduced

to limit providing similar data during training and alleviate overfitting. Next, the background of

the images (i.e., where no crack was present) was randomly sampled. Again, a sliding window

technique was used; however, the overlap of the images was set to 50%, and only 33% of the

images were randomly saved. Additionally, the images were checked to ensure no crack was

present. This 50% sliding window technique resulted in 44,484 - 256×256 resolution images

without cracks. The resulting dataset was comprised of 41% cracked images and 59% uncracked

images. Lastly, the 75,556 images were randomly split into training and validation datasets, with

25% (18,889 images) assigned to validation and 75% (56,667 images) assigned to training. As a

note, a similar technique was implemented for cropping the images to a size of 128×128. After
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preliminary testing, it was found that the network achieved similar accuracy as the 256×256 data

image set; however, because a larger number of the smaller images were required to pass through

the network for a full-sized, 16-MP image, the resulting processing time was longer. Therefore,

the larger, 256×256 images were used for the remainder of the training and data processing.

Lastly, to make the limited dataset apply to a more generalizable application of steel crack

detection, the data was randomly altered. The data alteration in this application was not used to

increase the number of data points in the dataset; instead, it was used to alter the images after each

iteration. Data alteration is typical practice in machine learning and is used to limit overfitting.

The first data alteration technique was flipping the images. Fifty percent of the entire training and

validation datasets were randomly flipped either left or right. Then, 50% of the entire training and

validation datasets were randomly flipped up or down. After the flipping of the images, 50% of the

training and validation datasets were color altered. Of the 50% selected for color alteration, 33%

had a random and uniform brightness increase or decrease, 34% had a random and uniform contrast

increase or decrease, and 33% had a random principal component analysis (PCA) color alteration.

PCA color alteration was first used in [51] with the development of the AlexNet for shifting the

color balance of the image. The color alterations help to ensure that cracks are robustly identified

even when different coatings or lighting conditions are present and help to reduce overfitting.

3.2.3 Task 1: Results

After preparing the data and assembling the components to build the U-Nets, the 10 tested U-

Net architectures (i.e., 5 U-Nets with colored inputs and 5 U-Nets with gray-scaled inputs) were

trained. The validation results (i.e., accuracy, precision, recall, and F1 score) of the 10 tested U-

Net architectures are presented in Table 3.2. All the networks demonstrated a high accuracy within

the validation dataset. The processing time for a 16-MP image is plotted against the number of

parameters in Figure 3.4. There is a significant decrease in processing time as the size of the U-Net

decreases, but the validation accuracy also decreases. A sample of the validation results is shown

in Figure 3.2. Additional samples from the best-performing network in the validation dataset, Net1
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with color inputs, are shown in Figure 3.3. From Figure 3.3, there is a higher rate of false-positives

over the entire image (identified as red pixels) when the size of the U-Net decreases (i.e., Net4 and

Net5); however, the cracks are still successfully identified by all the 10 nets. The Net1 with color

inputs (Figure 3.3) showed the best performance with the minimum false positives. A comparison

of the proposed U-Net1 - Color to other machine learning architectures in the literature is shown

in Table 3.3. Although there are many other techniques and neural networks to identify cracks

in concrete and asphalt, only networks trained to identify cracks in steel members are included

in the comparison. All the networks were run using a batch size of 14 images. Note that the

batching process ultimately increases the processing time required for all the networks. However,

the estimated processing time for all the networks has the same amount of delay due to batching;

therefore, the comparison among them is fair. For the pixel level identification, the proposed U-

Net1 - Color outperformed the network in [42] in both accuracy and efficiency. For a UAS-enabled

bridge survey, between several hundred to several thousand images can be captured depending on

the size and level of detail of the bridge inspection [10,52]. Using the largest and most accurate U-

Net (Net1 with color inputs) to process 3,000 16-MP images would take an estimated 194-min with

3.88-sec/image. Running the smaller and least accurate tested U-Net (Net5 with gray-scaled inputs)

on 3,000 16-MP images would take an estimated 106-min with 2.11-sec/image. With a time-savings

of about 1.5-hours for a large dataset processing, the trade-off between the higher false-positive

rate in the smaller networks with faster processing speeds must be decided.

3.3 Task 2: Damage Growth Tracking

3.3.1 Task 2: Motivation

Under current bridge inspection practices, identifying a defect’s growth rate is done in a few

different ways: 1) comparing previous inspection notes, 2) comparing previous inspection images,

or 3) identifying markings on the structure from previous inspections. These three techniques all

provide somewhat qualitative and subjective metrics. On the other hand, if a bridge’s inspection

is performed with UASs, the image sets from these successive inspections are comparable and
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(a) Net1 - Color (b) Net3 - Color (c) Net5 - Gray-Scale

Figure 3.2: Sample validation results of 256×256 images

Table 3.2: Validation results of the 10 tested U-Net architectures

Image

Color

Total

Parameters

Validation Results

Accuracy Precision Recall F1 Score

Net1
Color 77,776,578 0.9983 0.9984 0.9982 0.9983

Gray 77,775,426 0.9975 0.9977 0.9973 0.9975

Net2
Color 71,417,922 0.9982 0.9980 0.9977 0.9979

Gray 71,416,770 0.9981 0.9982 0.9989 0.9981

Net3
Color 17,012,290 0.9985 0.9984 0.9981 0.9924

Gray 17,011,138 0.9983 0.9984 0.9984 0.9982

Net4
Color 11,112,514 0.9979 0.9982 0.9975 0.9977

Gray 11,111,362 0.9977 0.9980 0.9973 0.9960

Net5
Color 2,785,986 0.9964 0.9969 0.9960 0.9964

Gray 2,784,834 0.9963 0.9970 0.9955 0.9963
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Colored Input Image Predicted Label

Figure 3.3: Sample outputs from the testing dataset of the best performing U-Net architecture: Net1 - Color

(red pixels identify false-positives)
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Figure 3.4: Total processing time of a 16-MP image as a function of the total parameters and validation

accuracy of the 10 tested U-Net architectures

Table 3.3: Comparison of time and metrics of proposed U-Net to other literature referencesa

Study
Pixel-

Level

Same

Dataset

Network

Type

Input

Size

Acc.

(%)

P

(%)

F1

(%)

Time per

imageb (sec)

[53] No No CNN (64×64)c 98.00 - 55.2 3.116

[41] No Yes FCNN (64×64)c 93.90 - 94.70 3.167

[42] Yes Yes U-Net (512×512) - 45.80 42.80 7.736

Proposed

Net1 - Color
Yes -

Modified

U-Net
(256×256) 99.83 99.84 99.83 3.616

a To run all the networks in the same manner on a GPU with 6-GB of RAM, a batch size of 14 was used during

prediction
b The time includes loading a 16-GB image, cropping to input size, running the cropped images through the

network, and stitching the cropped images back together. The time does not include any post-processing that

may be needed.
c The authors in these studies proposed a 50% overlap of the cropped input images to provide a finer-grained

crack location prediction.
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can be used to facilitate the determination of a defect’s growth rate quantitatively and objectively.

Therefore, extending the developed defect detection algorithm in the previous section, a module

to automatically track the change of a defect over time is developed. This module is especially

beneficial to bridge managers, as the growth of a defect often indicates more significant problems

in a structure. As a note, this technique was tested and performed using a defect detection technique

based on morphological transformations; however, the same methodology can be performed using

the output from the AI defect detection technique discussed in Section 3.2. The proposed damage

growth tracking technique has been published in [10]. The following will discuss the methodology

to track the defect’s growth over time and the results from a laboratory experiment of the proposed

methodology.

Objectives

1. Provide an automated approach to measure the growth of a defect over time

2. Develop a generalizable methodology to be usable on a variety of defect detection techniques

3.3.2 Task 2: Methodology

To track defect growth through image comparison, the two images need to be perfectly aligned.

However, the images collected at different times may have inconsistent geometric distortions (i.e.,

they are not perfectly aligned) due to dissimilar camera angles, scales, bridge displacements over

time, etc. This introduces an additional challenge of comparing images and tracking changes.

To tackle this challenge, an automated Affine Transform algorithm is implemented to align the

previous image to the current image so that images taken from different angles can be readily

compared. To perform this alignment, the (scale invariant feature transform) SIFT algorithm is

utilized [54]. SIFT keypoints and their related descriptors are identified and matched across the two

images. Once the pixel locations of the key-point matches are found, an Affine Transform, which

is a linear mapping method typically used to correct for geometric distortions or deformations that

occur with non-ideal camera angles, is performed to warp the previous image to align its shape

to the current image; the current image stays constant throughout the algorithm. By knowing
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the location of matched keypoints in the previous and current images, the linear transformation is

defined as,

T = M×X; X =









x

y

1









(3.5)

where, T is a matched keypoint from the current image, X is a matched keypoint of the previous

image, and M is the linear transformation matrix. M is firstly solved using the known matches of

the keypoints, and then the linear transformation is applied over the entire image.

After the alignment, the morphological crack detection algorithm (published in [10]) is per-

formed on both the previous and current images; however, the algorithm is stopped after the Black

Hat Transform. If using an AI defect detection technique, the binary segmentation map will be

used. Then, the resulting binary image of the current state is subtracted from the previous im-

age (i.e., the difference between the two images, namely the “difference image” in the following),

which indicates the damage growth. If the morphological technique published in [10] is used,

the Gaussian Blur convolution, thresholding, and outlining steps (i.e., the remaining steps of the

morphological technique) are performed on the “difference image” to highlight the areas of crack

growth, thus, the extent of crack growth is quantified. If using the AI defect detection technique,

the Gaussian Blur convolution, thresholding, and outlining steps are not needed and the “difference

image” directly identifies the growth of the defect.

To test the proposed algorithm, concrete crack growth data need to be collected over time.

Due to a typically slow rate of crack growth in reinforced concrete structures, data collection from

real structures may take several years. To accelerate the algorithm development, the crack growth

data are obtained from split cylinder tests in the laboratory per American Society for Testing and

Materials (ASTM) C496 [55]. In the test, a cured concrete cylinder is laid on its side, and a

compressive force is applied uniformly over the two points of contact through two compression

plates of a universal testing machine (Figure 3.5). This compressive force creates tension in the
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Figure 3.5: Set-Up of experimental data collection

center of the cylinder, which causes a crack to develop gradually within the specimen. To record

the crack growth, two UASs (DJI Mavic 2 Zoom (UAS #1 in Figure 3.5) and DJI Mavic 2 Pro

(UAS #2 in Figure 3.5)) were placed in stationary positions (as they were unable to hover within

the confined space of the testing set-up), pointing in the direction of the universal testing machine

to capture images from different angles. The use of the two UASs in the experiment intends

to simulate the real-world scenario, where one UAS might take different paths during the two

inspections or different UASs, with different cameras, may be used in the two inspections.

3.3.3 Task 2: Results

Data were collected from two split cylinder tests and used for validation of the proposed

methodology. The first test used two images (Figure 3.6a and Figure 3.6b) taken by the same UAS

(UAS #1 in Figure 3.5) at the same angle. A human visual inspection of the two pictures shows

the growth of about 10 cracks on the side of the cylinder. After performing the Affine Transform

and finding the difference as explained earlier, Figure 3.6c shows the resulting “difference image,”

where the newly grown cracks were successfully identified. While the first test represents the ideal

scenario where the two pictures are taken at the same angle by the same camera, the second test

aims to evaluate the efficacy of the proposed method for a more realistic scenario, where the previ-
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(a) (b) (c)

Figure 3.6: Test 1 results: (a) previous image, (b) current image, and (c) “difference image” (crack growth

highlighted)

ous and current images are taken at different angles by different UASs during different inspections.

In the second test, the initial image (Figure 3.7a) was still obtained from the UAS #1 (Figure 3.5),

while the UAS #2 (Figure 3.5) was used to collect the image with the progressed cracks over time

(Figure 3.7c). The Affine Transform was applied to the initial image (Figure 3.7a), resulting in

the warped image (Figure 3.7b) that can be readily compared to the current image (Figure 3.7c).

Figure 3.7d shows the identified crack growth. These two tests show that the proposed method

can effectively identify the changes in the cracks between the two images taken at different times,

highlighting the new cracks grown during the period. This automated identification result of crack

growth is consistent with a human visual inspection. The critical step for tracking the changes of

cracks over time is the alignment of the images collected from different angles, which relies on

matching SIFT keypoints. SIFT keypoint matching has been used to create 3D point clouds and

proved to be effective in real-world applications. Therefore, it is expected that the developed crack

growth tracking technique is generalizable out of the laboratory and across bridges.
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(a) (b) (c) (d)

Figure 3.7: Test 2 results: (a) previous image, (b) affine transformed previous image, (c) current image, and

(d) “difference image” (crack growth highlighted)

3.4 Task 3: 2C Dynamic Displacement Measurements of Blast-

Loaded Cables

3.4.1 Task 3: Motivation

Cables are essential elements for cable-stayed bridges, cable-supported roofing systems, com-

munication tower supports, and electrical distribution systems. Measuring the dynamic properties

of cables can be cumbersome or impractical if using contact-based sensors such as accelerom-

eters and Linear Variable Differential Transformers (LVDTs) sensors because of the difficulties

associated with running wires, placing the sensors, and the deleterious effects on the mass distri-

bution and aerodynamics of the cable. Moreover, the dynamic displacement is difficult to measure

using accelerometers because of the loss of low-frequency information. To overcome these limi-

tations, stationary camera-based remote sensing has been used in the displacement measurement

of cables [56–59]. However, stationary camera systems may have limitations on the locations of

camera placement; and the ideal viewing angle might not always be achievable. Therefore, a more

versatile sensing system still needs to be explored. Recently, uncrewed aerial system (UAS)-based

platforms have been implemented. [60] measured the displacements of a cantilever beam using a

UAS system equipped with active stereo-vision cameras. [61] measured the relative displacements

of a cable using a UAS system, but only in pixel units instead of engineering units (e.g., mm or in).
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Alkharisi and Heyliger recently studied the behaviors of power line cables under forced support

motion [62]. As an extension of this work, a unique blast experiment was designed to excite the

cable vibration. Since a blast is ignited to excite the cable, traditional techniques are not viable

options for measuring the displacement of the cable. For example, stationary cameras were tested

for measuring displacement but were easily knocked down by the blast loading in the preliminary

tests. Additionally, the most advantageous viewing angles may be difficult to obtain with a terres-

trial camera. In this context, a novel UAS-enabled dynamic displacement measurement technique

for cables is proposed, where a single camera instrumented on the UAS is used.

As the UAS hovers, there is inherent random drift of the system. To minimize the influence of

this drift on the measured displacements, a stationary reference target is tracked, and the measured

displacement of the stationary reference is subtracted from the recorded signal of cable movement.

To improve the quality of the measurement, the change of elevation of UAS during the flight is

also considered. From the measured dynamic displacement, the fundamental dynamic properties

of the cable can be identified including but not limited to the natural frequency, damping, and mode

shape. This task presents the experimental setup, methodology of the proposed new displacement

measurement technique using computer vision, and key results. The key findings and best practices

are also summarized. This methodology and experimental results are published in [63].

Objectives

1. Perform an initial experiment to explore the feasibility of using optical cameras to measure

dynamic displacements

2. Find limitations of the optical sensors

3.4.2 Task 3: Methodology

Experimental Design

The cable used in the experiment was an aluminum conductor steel reinforced (ACSR) six-

stranded cable shown in Figure 3.8. This cable had a core radius of 2.25-mm, an outer radius of
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2-mm, and a total area of 91.30-mm2. The density per unit length is 0.35-kg/m and the cable has

an elastic modulus of 74.2-GPa and a shear modulus of 37.1-GPa. The cable was pre-tensioned to

a final span length of 7.7-m with a mid-span sag of 4-cm. During the experiment, the cable was

subjected to a point charge generated by a 30.5-cm length of det cord wrapped around 39-cm2 of

C1 sheet explosive. This charge was placed 1-m from the cable mid-span and directed with a water

bag perpendicular to the cable, which was then allowed to free vibrate after the initial impulse. An

overview of the complete cable experimental setup is shown in Figure 3.9.

Figure 3.8: The ACSR cable used in the experiment

(a) (b)

Figure 3.9: Setup of blast loading on the cable: (a) Perspective view and (b) Plan view from UAS

A DJI Mavic 2 Zoom was used in this test as it provides high-quality video resolution and

a stable flight. The UAS was flown about 6-m above the pretensioned cable and about 7.5-m

above ground level. From this height, the ground-sampling distance (GSD) is 2.2-mm/pixel. The

video was captured at 30-frames/sec. The view from the UAS before the charge was detonated is
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shown in Figure 3.9(b). A speckle pattern was placed on the ground to provide the most robust

and straightforward stationary reference point to track the drift of the UAS. The speckle pattern

provides high contrast and texture, ensuring robust keypoints are detectable. To test whether a

speckle pattern is required to track the movement of the cable, both the natural features of the cable

(i.e., bare cable) and an artificial target (i.e., speckle pattern) were tested. Eight target locations

were identified and are highlighted with bounding boxes in Figure 3.9(b). The dashed line and

solid line bounding boxes indicate target locations with and without a speckle pattern, respectively.

Targets #1-#7 are approximately equidistant apart along the length of the cable. Target #8 was

chosen as a comparison to Target#2 as Target #8 was bare cable and Target #2 had an attached

speckle pattern. The speckle pattern was printed on paper and wrapped around the cable. Since

the paper was thin, lightweight, and matched the shape of the cable, it was assumed that any error

imposed by the artificial speckle pattern by stiffening or restricting the movement of the wire was

negligible.

Cable Displacement Measurements using Computer Vision

To measure the displacements of the cable with a portable, non-contact sensor, a UAS-based

2-D computer vision measurement technique was implemented. The workflow of the 2-D mea-

surements first begins with identifying and tracking keypoints over time and applying a scale fac-

tor to relate the pixel units to engineering units. The motion of the UAS was also tracked and

compensated for in the measurement of the cable. The proposed technique requires minimal user

interaction. A user only needs to select the bounding box of the stationary reference and the section

of the cable to track.

Keypoints and their associated descriptors are first identified within a small region of interest

(ROI, i.e., bounding boxes in Figure 3.9(b)) on the cable through Scale-Invariant Feature Transform

(SIFT) [54]. SIFT is adopted as it has proven to be robust in remote sensing [10, 64]. Extracting

SIFT keypoints relies on the difference of Gaussians (DoGs) algorithm to extract features within

the ROI. The DoGs algorithm performs a Gaussian blur convolution over the ROI and then sub-

tracts the original image from the blurred image. This process is repeated in multiple iterations
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performing a Gaussian blur on the previous image and then taking the difference. The local ex-

trema in the DoGs of the different layers are the resulting identified keypoints given by sub-pixel

coordinates. The number of SIFT keypoints within an ROI depends on the object’s size, resolution,

and texture. To further improve the robustness of SIFT, the image was scaled up using linear inter-

polation to double the number of pixels within the image. The bounding box of the ROIs (bolded

rectangles in Figure 3.10 (b, d)) contained twice the number of pixels than originally taken by the

camera and provided a larger sampling area. SIFT keypoints were detected on a frame-by-frame

(t = ti) basis of the collected video within the ROI. The keypoints in the ith frame (t = ti) that

match those detected in the initial frame (t = t0) were then identified based on brute force match-

ing between the feature descriptors. Brute force matching checks every identified keypoint in the

initial frame (t = t0) against every identified keypoint in theith frame (t = ti). There were about

150 total keypoints matched between the ith frame (t = ti) and the initial frame (t = t0). The key-

points associated with the top five best matches based on the distance metric of the SIFT matched

were identified (circle points Figure 3.10) to ensure that the keypoints are robustly matched. The

locations of the top five keypoints are then averaged to give the pixel location of the cable at the

ith frame (t = ti) (star points in Figure 3.10). The top five matched keypoints may not be the same

from frame to frame (as seen by comparing the matched keypoints in Figure 3.10(a-b) with Fig-

ure 3.10(c-d)). However, since the selected ROI is relatively small (with a length of 26-cm, or about

1/20th
the length of the cable), it is assumed that the average location of the keypoints within the

ROI provides the displacement of the cable at the ROI’s center point. This same process was also

repeated for the stationary reference target on a frame-by-frame basis to track the displacements of

the UAS.

With the pixel location of the cable identified, the pixel units are then transformed into engi-

neering units using an adaptive scale factor. Measurement scales are placed within the frame to

relate real-world measurements, highlighted in Figure 3.9(a) as dashed bold lines, to pixels. The

measurement scale has a known length and, therefore, is able to relate the pixel lengths to engi-

neering units. To account for the vertical drift of the UAS during flight, an adaptive scale factor
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(a) t = t0 (b) t = ti

(c) t = 0 (d) t = ti+1

Figure 3.10: Matched keypoints for Target #3: (a-b) matched keypoints between initial frame and frame

t = ti, (c-d) matched keypoints between initial frame and frame t = ti+1

is updated on a frame-by-frame basis. To measure the pixels of the measurement scales in each

frame, optical flow is used to track the pixel locations of the measurement scales. The pixel dis-

tance between the ends of the measurement scales is then determined. Here, optical flow is used

instead of SIFT as it is more efficient in this application. Optical flow tracks features using a sim-

pler Harris Corner Detector and only requires one point location at the end of the measurement

scale [65–67].

To compensate for the drift of the UAS in the horizontal directions (i.e., parallel to the ground),

a stationary reference target is used. A stationary target (e.g., ground point or tower) within the

field of view of the camera is identified. The cable’s motion is measured with respect to the

stationary target. Since the stationary target is on the ground, it is assumed that the movement of

the stationary target is due only to the movement of the UAS. Therefore, the drift of the UAS is

recovered with respect to the reference target and subtracted from the measurements of the ROI.

The true movement of the ROI is found as

yT = yROI,T − yREF (3.6)
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where, yT is the displacement of the cable at a target location, yROI,T is the displacement of the

cable at a target location relative to the UAS, and yREF is the displacement of the reference target

relative to the UAS.

3.4.3 Task 3: Results

A sample of the displacements at Target #4 (Figure 3.9(b)) measured using the proposed tech-

nique is shown in Figure 3.11(a). To remove some of the low- and high-frequency measurement

noises, a High Pass (cutoff frequency: 1-Hz) and a Low Pass Butterworth filter (cutoff frequency:

8-Hz) were applied to yT . The resulting filtered displacements of Targets #4, #5, #6, and #7 are

shown in Figure 3.11(b).

(a)

(b)

Figure 3.11: Filtered measured displacements: (a) All measured displacements of Target #4 and (b) Filtered

yT displacements of the right 4 Target locations
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A comparison study was performed to test whether the attached artificial pattern was neces-

sary for the cable displacement measurements. The displacement measurements at Target #2, with

an attached speckle pattern, and Target #8, with bare cable (Figure 3.9(b)), are compared in Fig-

ure 3.12. The use of bare cable without an attached artificial pattern successfully captures the

dynamic properties of the cable and good agreement between the two curves is shown. However,

the bare cable data does have slightly more high-frequency measurement errors, as seen from the

minor fluctuations in the envelopes of the free decay curve. After performing the aforementioned

Butterworth filter, the majority of the high-frequency measurement error was removed. The dis-

placement of the bare cable was slightly larger than that with the speckle pattern. This is expected

since the target location of the bare cable section (i.e., Target #8) was slightly closer to the cen-

ter of the cable. This comparison study has shown that using artificial patterns for displacement

measurements of bare ACSR cables in future applications is unnecessary. In this study, since the

speckle patterns had been attached in several locations, the measured displacements from the seven

target locations containing sections with and without speckle patterns were later used to identify

the system parameters.

Figure 3.12: Comparison of the dynamic displacements of the cable between an attached speckle pattern

(yT2, dotted line) and bare cable (yT8, solid line) near Target #2.

A Fourier analysis showed that only the first mode dominates the cable response. Hence, the

simple Logarithmic Decrement Technique (LDT) was applied for system identification using the

measured displacements from the seven target locations (Figure 3.9(b)). Using signals within a
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(a) (b)

Figure 3.13: System identification of cable: (a) First Eigenvalue from FDD and (b) First mode shape using

FDD

moving window with window sizes varying between 20-39 peaks, the natural frequency and the

damping ratio averaged over all windowed signals were 2.83-Hz and 0.00523, respectively.

The mode shape was identified using Frequency Domain Decomposition (FDD). Specifically,

the cross-power spectral density matrix, Sij(ω) was estimated by

Sij(ω) = f̂ (yi) ∗ f̂ (yj)
∗

(3.7)

where f̂ is the Fourier Transformation and ∗ is the conjugate, yi and yj are the response signals from

ith and jth target location, ω is the frequency. Then, singular value decomposition was performed,

defined as

Sij(ω) = USVH (3.8)

where H is the conjugate transpose. The singular values (i.e., the diagonal elements of S) and

singular vectors, (e.g., Ui) were obtained. The first singular value is shown in Figure 3.13(a).

From the figure, the natural frequency is identified as 2.83-Hz, which is in good agreement with

that obtained from LDT. The mode shape is the first singular vector corresponding to the natural

frequency, shown in Figure 3.13(b). Note that the damping ratio was not identified using FDD, as

the signal was only about 25-sec long and the frequency resolution of the power spectral density

was relatively low, which may result in amplified bandwidth and an overestimation of the damping

ratio.
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The last step was to compare the system identification result using measured displacement by

the proposed computer vision-based technique to the results of both analytical and finite element

models. The frequencies of sagged cables have been investigated in analytic detail by Irvine and

Caughey [68]. The lowest natural frequency of a sagged cable is the motion of the cable in a

direction perpendicular to the original plane in which the undeformed cable rests. This frequency

can be computed analytically when there is no axial-torsional coupling of the cable displacements

and is a function of the cable span, the mass density, and the sag. However, for braided wires, there

can be slight adjustments to the frequencies based on the levels of coupling where the analytical

formulas may not hold [62, 69]. In this case, a finite element (FE) model can be used where a

geometrically nonlinear quasi-static analysis is first performed on the cable under gravitational

load, and then a free vibration analysis about this equilibrium configuration is completed. Both

scenarios were used to compute the dominant frequency of 2.77-Hz, indicating that the coupling

does not play a significant role for this mode. This frequency is in excellent agreement with the

experimental value of 2.83-Hz with a 2.1% difference. In addition, the exact and finite element

mode shapes for the fundamental mode are the half-sine wave, which is also in excellent agreement

with the FDD results.

Conclusions

A new technique was presented to directly measure dynamic displacements of cables using a

single camera attached to a UAS. The methodology was tested in a real-world environment where

a pre-tensioned cable was excited with a small explosive charge. The displacement time histories

of seven target locations were obtained, from which the natural frequency, damping, and mode

shape were identified.

The primary findings of this study are as follows:

1. The natural frequency matched an FE simulation with a 2.1% difference and the UAS-

measured mode shape is in excellent agreement with the numerical result.
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2. The proposed technique has the ability to extract and identify dynamic properties of power

lines within an electrical grid or cables attached to a structure or tower.

3. The bare, ACSR six-stranded cable provided enough texture and contrast to not require any

additional artificial targets on the cable. An operator is therefore able to quickly and more

easily fly to a location with a UAS without the need to attach a special target.

In addition to these findings, there are two key considerations for successfully implementing

this technique:

1. In the present experiment, the cameras were not calibrated prior to the blast test. It was

assumed that since the majority of the target locations were within the center of the frame,

the effect of camera distortion is minimal; however, it is recommended to perform a camera

calibration before taking the dynamic displacement measurements in general applications.

2. A stationary target must be within the camera’s frame to track the movement of the UAS

during its flight. Although the displacement is minimal, without accounting for the UAS

drift, the errors could be significant. A stationary target could be a background point, the

cable’s connection point, or a support tower/pier.

3.5 Task 4: 3C Dynamic Displacement Measurements: Small-

Scale

3.5.1 Task 4: Motivation

Understanding the dynamics of structures is critical for evaluating long-term structural perfor-

mance and decision-making regarding the maintenance and operation of the structure. Quantifying

the displacement of structural vibration is an important means to evaluate the dynamic performance

of structures under various dynamic loading such as winds, traffic, impact loading, etc. Once the

full three-component (3C) dynamic displacement of structures is measured, system identification

methods can be applied to estimate the dynamic properties of the structure. If the time series is
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stationary, the conventional system identification (SI) methods (e.g., random decrement technique,

frequency domain decomposition, stochastic subset identification) can be used [70–73]. On the

other hand, if the time series are non-stationary, more advanced SI techniques (e.g., time-frequency

domain approaches) can be used [74–76]. Additionally, the 3C displacement measurements can

also be useful for the development of various data-driven approaches for SHM [77–81]. Lastly, the

identification of 3C displacements is also a vital step for the validation of FE models and digital

twins. Currently, these measurements rely on accelerometers attached to the structure which only

measure acceleration; displacement measurements are not possible due to the double integration

required. Logistical issues impede the implementation of accelerometer sensors on a wide scale

(i.e., wiring, time synchronization if wireless, placement, and inability to relocate).

With the recent advancements of UASs, research on using optical sensors on UASs to track

the displacements of a structure in either the two-component (2C) planar directions (the plane that

is perpendicular to the camera) or the one-component (1C) depth direction (the out-of-plane di-

rection or the distance from the camera to the structure) has been explored. With the assumption

that the out-of-plane displacement of civil infrastructure is minimal, 2C planar displacements of

structures can be measured with optical sensors on UASs [82, 83]. In Section 3.4, the 2C dis-

placements of a cable were measured using a UAS and applying an adaptive scale factor to relate

pixel units to engineering units. Kalaitzakis et al. implemented a painted speckle pattern on a

concrete girder to measure the strain during a four-point loading test with an additional painted

speckle pattern on a stationary reference [83]. Other studies can measure the out-of-plane dis-

placement of structures [84–86]. Garg et al. used a laser Doppler vibrometer, which accurately

measures the reflection of a high-frequency wave, to calculate the out-of-plane displacement of an

object [84,85]. Catt et al. implemented passive stereo vision by mounting two cameras at a known

distance apart to measure the out-of-plane deformations of a deformable board with a random

speckle pattern [86]. The proposed algorithm processes the speckled pattern placed on the board

to measure the 1C depth; however, the drift of the UAS was not compensated resulting in the 2C

displacement of the deformable board not being realized. Although the aforementioned techniques
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using painted speckle patterns can provide accurate measurements within the speckled area (such

as [86] or [83]), they do not take advantage of the entire field of view (FOV) of the camera, and

implementing these techniques in the real-world may be challenging due to the large-scale of the

structures and workforce required to install the detailed patterns. Yoon et al. proposed a 2C planar

UAS-enabled measurement methodology without a speckle pattern by identifying, matching, and

tracking feature points in the background of the video to estimate the camera’s pose and recover

the 3C translation and rotation of the UAS; however, the proof of concept still required LED lights

as targets [87]. UASs have also been used to identify the vibration modes of a structure without

correcting for the movement of the UAS [88]. The existing studies have not attempted to measure

the full 3C displacements of a structure using UAS-enabled sensors without the aid of a painted

speckle pattern, which can be critical for certain types of structures such as long-span bridges and

cables.

This task is a preliminary exploration of using stereo vision on a UAS to collect 3C dynamic

displacement measurements. The purpose was to conduct a small-scale proof of concept and ex-

plore the limitations and challenges of UAS-enable stereo vision measurement. Although the tech-

nique in this task was successful, the methodology is not scaleable for measuring distance (i.e.,

the distance from the structure to the camera) longer than about 1.5-meters. These limitations and

challenges are discussed at the end of this section and Task #5 (Section 3.6) explores a scalable

and updated methodology to measure full-scale structures. The results of this small-scale proof-

of-concept which are published in [60] are presented. Then, the limitations of the preliminary

framework are discussed.

Objectives

1. Explore the practicality of using optical and infrared sensors with an infrared projector within

the RealSense D435 to measure 3C dynamic displacements

2. Explore using the RealSense D435 on a UAS and find limitations
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3. Explore the challenges and limitations of developing a methodology to perform full-sized

3C dynamic displacement measurements

3.5.2 Task 4: Methodology

The computer vision algorithms of the proposed double-faceted 3C displacement measurement

technique will be introduced in this section. An initial overview of the workflow is presented in

Figure 3.14.
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Figure 3.14: Proposed methodology overview

2C Planar Measurement

To measure the 2C planar movement of the ROI, first, the camera needs to be calibrated to

ensure that the physical dimensions measured by the cameras are free of tangential and radial

distortion errors caused by the lens. Camera distortion correction is a well-studied problem within

the computer vision field [89–93], and many off-the-shelf software/toolboxes are available. In

this study, both a proprietary calibration software developed specifically for the RS optical and

IR sensors included in the Realsense SDK 2.0 and an open-source MATLAB camera calibration

toolbox [94] were tested. A grid pattern target and a total of 14 pictures were used in the calibration.
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Both tools achieved similar performance. In the following displacement measurement study, only

the calibration results using Realsense SDK 2.0 were used. Once the camera is calibrated, it can

be used for multiple surveys; however, if the camera is jarred hard enough so that some structural

components of the lens or camera are moved or affected, the camera will need to be re-calibrated.

Also, note that changing temperatures can cause errors in the camera calibration. For instance,

heating and cooling the camera by 10◦C can cause up to a pixel image drift with larger pixel drift

from larger temperature changes; therefore, it is recommended that the camera stays at a relatively

constant temperature after calibration or re-calibration is needed [95].

With the calibrated sensors, the UAS hovers next to a structure/object, and the optical sensor

records a video of the object moving in the x-y plane (Figure 3.15). In this study, the optical sensor

inside the RS sensor is used. This optical (or RGB) sensor is a 2.729 × 1.550-mm Complementary

Metal Oxide Semiconductor (CMOS) sensor with a rolling shutter capable of capturing 1920 ×

1080-pixel at 30-fps (or a faster sampling frequency at a lower resolution), and a 1.93-mm focal

length; the horizontal angular FOV of the camera is 69.4◦ (Table 3.4). The camera attached to

a hovering UAS captures image frames that contain the targets of both the ROI on the vibrating

object (e.g., a bridge under wind excitation) and that of the stationary reference target (Figure 3.15).

The maximum distance between the stationary reference and the moving object that allows both in

the same frame is dictated by the FOV of the optical camera, the UAS flight height, as well as the

level of UAS horizontal drift. The UAS flight height is controlled by the desired level of accuracy

for depth measurement which will be discussed later in this section, while the drift of UAS is

dependent on a particular UAS system and wind conditions. The motion of the UAS is recovered

by tracking the relative movement of the stationary reference target with respect to the UAS; while

the relative motion between the UAS and the ROI is extracted by tracking the movement of the

ROI. By adding the movement of the ROI with respect to the UAS, XROI, to the movement of the

UAS with respect to the ground, XUAS, the true movement of the ROI, XTrue, is found, as shown in

Equation 3.9.

XTrue = XROI +XUAS (3.9)
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Figure 3.15: Concept of 2C planar measurement

Table 3.4: Camera parameters

Sensor

Type

Sensor

Dimensions

(mm)

Shutter

Focal

Length

(mm)

Horizontal

FOV

(deg.)

Video Resolution

(pixel × pixel × fps)

RealSense

Optical
CMOS 2.729 × 1.550 Rolling 1.93 69.4

1280 × 800 × 30

848 × 480 × 90

840 × 100 × 100

RealSense

Infrared
CMOS 3.90 × 2.45 Global 1.93 86.0

1920 × 1080 × 30

960 × 540 × 60

A robust target identification algorithm is developed to simultaneously track the targets on the

ROI and those on the stationary reference target. To promote the fast and simple implementa-

tion of the proposed framework, a color detection-based technique was developed to robustly and

accurately find the center points of the red-circle-target (Figure 3.16a) used in the experiments.

The red-circle-target also provides a scale to help accurately transform the image coordinates into

real-world coordinates in the next step. Note that it is not necessary to use this specific type of

reference target; only measurable targets and identifiable reference points are needed. The idea of

this approach is to first detect the target using its color (red in this case). To accomplish this, the

image is converted from RGB to a Hue, Saturation, Value (HSV) color model. The Hue represents

the specific color value ranging from 0-255, with 0, 85, and 170 representing red, green, and blue,

respectively, while the Saturation and Value represent how close the color is to black or white.

Using the HSV color model is more advantageous for color identification in the images compared

to using an RGB color model because only one value (versus the three values in the RGB model),
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e.g., the Hue value, represents the color present. Moreover, since the reference target is on a white

background (Figure 3.16a), the red color is filtered easily using a small range of Hue values that

encompass the scale points on the reference. Since certain Hue values are the only color allowed

to pass, the filter is called a color-pass filter. The color-pass filter results in the binary image

shown in Figure 3.16b. Then, the contours in the binary image are found by a contours detec-

tor developed in [96]. The center is estimated by taking an average of the pixel locations inside

the contour. Knowing the general location of each reference point in the image (e.g., upper left

corner, bottom right corner, etc.), a search was performed in each quadrant of the image to distin-

guish the different reference points. The result is shown in Figure 3.16c. The major advantages of

the proposed color-pass filter include 1) it provides subpixel detection accuracy and 2) it is more

computationally efficient over other target detectors such as template matching that requires a ref-

erence image and an exhaustive search and Hough Transforms that needs additional higher-level

processing. The proposed color-pass filter technique is generalizable for field application when

applied in conjunction with other object-tracking techniques. For example, one may first use an

object tracker, such as the MOSSE filter [97] or CRST [98] to track the target’s general location.

Then, the background is masked out, and the color-pass filter is applied to the masked image to

detect the reference points with high accuracy. Note that when used solely, object trackers like the

MOSSE filter do not provide the subpixel accuracy needed for displacement measurements [99],

which highlighted the value of the proposed color-pass filter.

(a) (b) (c)

Figure 3.16: Reference target: (a) Reference and red scale points used; (b) Red-pass color filter of targets;

and (c) Identified red targets
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After the reference targets are successfully found, the actual amplitude of the displacement

needs to be recovered by mapping the pixels on the image to the real-world dimensions through a

direct linear transformation (DLT). Implementing DLT ensures that 1) image warping due to non-

perpendicular camera angles is eliminated to enhance measurement accuracy in the plane, and 2)

each pixel is scaled to engineering units (e.g., in millimeters). Item 1) is needed to ensure there is

no warping of the image. In real-world applications, the video can be captured at a nearly perpen-

dicular angle; however, small misalignment typically exists due to the random drifts of the UAS.

The DLT corrects the image for non-perpendicular (e.g., the small misalignment) and skewed cam-

era angles to achieve a high measurement accuracy. On the other hand, item 2) allows real-world

measurements to be taken directly from the image. To begin the DLT, the relationship (or perspec-

tive transformation matrix) between a known reference point in the real world in space coordinates,

X = [X, Y, 1]T, and its location in pixel points in image coordinates, x = [x, y, 1]T, must be known.

Note that the image observation points (x, y) were obtained from the pre-processed image with ra-

dial and tangential distortions corrected in the camera calibration process. By knowing both image

and space coordinates, the DLT is implemented to solve for the perspective transformation matrix,

A, with respect to the linear system,

X ∼ Ax (3.10)

where ∼ denotes equality up to a scale. The resulting A is used to transform every pixel of the

image by the following,

PDLT(X, Y ) = POriginal

(
A11x+ A12y + A13

A31x+ A32y + A33

,
A21x+ A22y + A23

A31x+ A32y + A33

)

(3.11)

where, PDLT(X, Y ) is the transformed image with real-world coordinates at point (X, Y ) and

POriginal(x, y) is the original image in image coordinates. As a note, the transformation is only

viable on the z-direction plane where the reference targets are placed; if the z displacement (the

distance from the camera to the ROI) is significant, errors can occur in the measurement. There-

fore, for the most accurate measurements, it is best that DLT is performed on a frame-to-frame
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basis to eliminate the impact due to camera displacement in z-direction. However, updating the

perspective transformation matrix, A, with every frame introduces noise in the measured signal

due to the subpixel location errors of the reference points. To reduce this noise, it is recommended

to take a weighted average of A, for each frame of the video with,

A∗
i = ηAi + (1− η)Ai−1 (3.12)

where A∗
i is the perspective transformation matrix used in the DLT for the ith frame, Ai is the

calculated perspective transformation matrix of the ith frame, and Ai−1 is the previous perspec-

tive transformation matrix. Through testing, it was found that η = 0.125 produced smooth and

accurate results. After the raw images are transformed through the process of camera calibration

and DLT, the distances between points on the image represent the real-world dimensions, and the

amplitude of the displacement in the real world is finally recovered. One should note that the DLT

is very sensitive to the exact subpixel location that is used for scaling. Therefore, it is important

to ensure that each subpixel location extracted from the image corresponds to the exact location of

the reference point on the real-world scale for accurate measurements. As previously mentioned,

the color-pass filter developed in this study robustly identifies the subpixel locations in the image.

1C Depth Measurement

The 1C depth measurement is also realized by the RS sensor. Similar to the 2C measurement

facet discussed in the previous section, an algorithm is developed to compensate for the movement

of the UAS to obtain the true motion of the object. In the following, the concept of the proposed

RS sensor-based 1C displacement measurement is introduced in detail.

The RS depth sensor used in this study has a 360-mW average IR laser projector with a nominal

wavelength of 850-nm±10-nm. This projector emits a virtual speckle pattern, which is not visible

to the human eye, onto the FOV of the camera. Two IR 3.90 × 2.45-mm CMOS sensors with a

global shutter and wavelength range of 400 - 865-nm are also included in this sensor set. Each

IR camera can capture video at 1280 × 720-pixel at 30-fps (or a faster sampling frequency at a
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lower resolution) and 1.93-mm focal length; the horizontal FOV of the sensor is 86.0◦ (Table 3.4).

The baseline between the two IR cameras is 50-mm and is stiffened to allow for more accurate

measurements; the baseline for the RGB sensor and IR projector is also known. A schematic of

the sensor set-up is shown in Figure 3.17a. By projecting a seemingly random, but known, IR

speckle pattern onto the objects (Figure 3.17b), each speckle is able to be matched between the

two IR cameras. With the matched speckles and a known baseline between the two IR cameras,

the angle from each camera to the speckle is calculated, and the distance from the speckle to the

camera is found. Using active stereo vision, every available pixel in the image is transformed to

the depth measurements in real-time, and the depth from the RS sensor to the ROI is found. This

calculation is embedded onboard the RS sensor.

(a) (b)

Figure 3.17: Concept of 1C depth measurement: (a) Schematic plot; and (b) View of virtual speckle pattern

from RS IR camera

Since the IR projector covers the entire FOV of the camera, the depth throughout the entire

image is solved, allowing the full-field displacement measurement. To enhance the measurement

accuracy and reduce depth measurement noise, a small area of pixels (within a one cm2 range) on

the ROI can be selected, averaged, and considered as a point to represent the ROI. Since both the

object and the UAS are moving in the two horizontal directions (x- and y-directions), the ROI and

the stationary reference must also be tracked in the IR video to allow for the same point measure-
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ment. To accomplish this, a MOSSE filter [97] was used to track the areas of interest in the x-

and y-directions. Although a MOSSE filter is not recommended to be used solely in the 2C planar

measurement due to the lack of subpixel precision, it is admissible for the 1C depth measurement

since the average depth for speckle points in a small area is taken. As a note, shadow effects of the

IR projector or cameras may limit the performance of full-field measurement, which is a common

drawback to stereo vision; measuring the displacement from the top surface of a structure, like in

this study, alleviates this issue. Using this approach, the relative dynamic displacements between

the UAS and the object, as well as that between the UAS and the reference plane are measured.

Then, the true motion of the object is extracted by removing the motion of the UAS itself.

Description of Data Sets

In the experiments, the dynamic displacement of the structure in horizontal directions is pro-

duced by a small shaking table with a sine wave input. The signal of the displacement used as the

ground truth in the validation was constructed based on the sine wave function (Equation 3.13).

The amplitude, A, was found by manually measuring the diameter of the spinning motor of the

shaking table. The frequency, f0, of the true displacement, was found through a Power Spectral

Analysis of the accelerometer data using Fast Fourier Transform. Lastly, the phase angle, ϕ, was

determined by minimizing the RMS error between d (Equation 3.13) and results from the measur-

ing techniques tested, as direct data synchronization between the input signal of the shake table

and the measurement devices was not an option.

d = A · sin (2πf0 · t+ ϕ) (3.13)

Based on the analysis of the previous study [100], the typical natural frequencies of a variety of

civil structures and bridges are between 0.088-Hz (for the world’s tallest building, Burj Khalifa,

in the United Arab Emirates) to 7.6-Hz (for a 15-m beam bridge), and the average of the reported

natural frequencies (without the beam bridges which have a relatively large natural frequency)

is 0.585-Hz [100]. According to the classic Nyquist–Shannon sampling theorem, the sampling
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frequency needs to be at least twice the maximum frequency of the vibration to faithfully record

the dynamic response. Thus, a sampling frequency greater than 20-Hz is required for monitoring

civil structures. The maximum sampling frequency (e.g., video frame recording rate or inverse of

temporal resolution) for typical low-cost consumer-level cameras is about 30-90-Hz (fps). So, the

requirement in temporal resolution for structural monitoring can be easily achieved using low-cost

consumer-level cameras. The input frequencies of the excitation of the shaking table are set at

0.5, 1.0, and 2.0-Hz to test the applicability of the proposed techniques for civil structures. The

preliminary 2C and 1C experiments tests were conducted at a sampling frequency of 30-Hz (or

30-fps) and the maximum frequency of vibration is 2-Hz. The proof of concept experiment was

conducted at a sampling frequency of 60-Hz (or 60-fps) and the maximum frequency of vibration

is 4.5-Hz. Therefore, the assigned sampling frequencies (or fps camera recording rate) is sufficient.

Note that for the applications that require a higher sampling rate, a maximum rate of 90-fps can be

achieved with the RS sensor by reducing the resolution of the video.

3.5.3 Task 4: Results

The proof of concept experiment was designed to test the proposed methodology in a small-

scale laboratory setting. The double-faceted technique was used to measure the full 3C displace-

ment of the model structure. In this section, preliminary analyses of 2C and 1C measurements are

presented, respectively. Then, a proof of concept test on a cantilever structure is demonstrated.

Analysis of 2C Planar Measurement

First, to ensure the accuracy of the 2C planar measurement technique, an accuracy assessment

of the camera calibration and DLT was performed on the RS optical sensor. A grid pattern was

photographed at an inclined angle, and four measurements of the grid corners were taken. Knowing

the dimensions of the grid to be 127-mm on each side, the DLT was applied to transform the image,

and the distances on the grid were measured. Figure 3.18a is the original distorted image; the error

in millimeters in each direction is labeled on the figure. Figure 3.18b has been corrected for the

tangential and radial distortion only and Figure 3.18c has only the DLT applied without correcting
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the lens distortion. Lastly, Figure 3.18d shows the image that was firstly corrected for distortion and

then transformed with the DLT (the methodology used within the proposed technique). From the

comparison of sub-figures in Figure 3.18, the overall least error is achieved from the undistorted,

and DLT transformed image (Figure 3.18d). The image with only the DLT applied (Figure 3.18c)

has a negligible error in the y-direction, but a relatively larger error in x-direction. On the other

hand, the error from the undistorted and DLT-transformed image is consistent in both directions.

This remaining error in Figure 3.18d is caused by the small errors in the subpixel location of the

four corner reference points since the DLT used to transform the image is sensitive to this subpixel

location. Nevertheless, the measurement accuracy in Figure 3.18d is within a sub-millimeter range

with a percent error of less than 0.02%.

(a) (b)

(c) (d)

Figure 3.18: Camera calibration results of the RS optical camera (the blue numbers are the error from the

calculated distance to the ground truth distance in mm): (a) Original image; (b) Undistorted image corrected

in post-processing, (c) Image with only DLT applied, and (d) Image with both distortion correction and DLT

applied

47



With the Camera Calibration and DLT showing minimal error, the efficacy of the proposed 2C

planar measurement technique was tested. The RS sensor was suspended above the shaking table

and moved slowly (on the order of 0.5-m) to simulate the sensor movement when equipped on a

hovering UAS as shown in Figure 3.19. The target to be measured was secured onto the shaking

table. A stationary reference target was attached to the ground to track the movement of the RS

sensor. The input frequencies of the shaking table were 0.5, 1.0, and 2.0-Hz and the amplitude

varied between 15.7-mm and 35.6-mm. The video with the appearance of both the target of interest

and ground reference was recorded with 480 × 640-pixel at 30-fps.

Figure 3.19: Overview of non-stationary 2C planar measurement met-up

The results of the tests are listed in Table 3.5 with the sample time history of two measurements

plotted in Figure 3.20. The RMS error of vibration amplitude is on the order of a couple of

millimeters when compared to the ground truth and is consistently small throughout the three

input frequencies and two input amplitudes tested. The frequencies of the signals measured by the

proposed technique are very close to those of the ground truth. The time-varying absolute error

shown in Figure 3.20 is caused by the randomness of the perspective transformation matrices of
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(a) (b)

Figure 3.20: Sample displacement measurement results from non-stationary RS optical sensor with time

history at top and absolute error at bottom: (a) f0 = 1.00-Hz and A = 15.7-mm and (b) f0 = 1.00-Hz and A
= 35.6-mm

the DLT (as the DLT is sensitive to the sub-pixel location of the reference target). Note that the

results shown are the measurement in x-direction. The measurement accuracy in the y-direction is

similar, while the results are omitted for conciseness.

Analysis of 1C Depth Measurements

The measurement accuracy of the 1C dynamic displacement using the RS depth sensor placed

in a stationary position was firstly tested to lay the foundation for 1C displacement with the non-

stationary RS sensor equipped on a UAS. The experimental setup is shown in Figure 3.21. The

amplitude of the displacement remained the same in this test. The RS sensor was set up perpendic-

ular to the rigid structure at a distance of approximately 0.5-m. The IR image resolution was 1280

× 720-pixel at 30-fps. The three frequencies of the test found through a Power Spectral Analysis

of the time series are compared with those obtained from the accelerometer and the results are

listed in Table 3.6, showing an exceptionally good agreement. Additionally, the result of measured

time history, absolute error (e.g., the absolute value of the difference between the measured dis-

placement and the ground truth), and power spectral density from two sample tests with different

excitation frequencies are shown in Figure 3.22. It is seen from the results that the error is at a
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Table 3.5: Results from 2C non-stationary planar validation test

Ground Truth

Frequency (Hz) 0.495 0.495 1.004 1.004 2.007 2.007

Amplitude (mm) 15.7 35.6 15.7 35.6 15.7 35.6

1C Depth Measurement

Number of Samples 361 232 186 203 211 255

Total Time (sec) 12.01 7.70 6.17 6.74 7.00 8.47

Sampling Frequency (Hz) 30.06 30.11 30.14 30.13 30.12 30.10

Frequency Measured (Hz) 0.501 0.502 0.978 1.040 2.008 2.014

Validation Against Ground Truth

RMSE (mm) 2.280 2.661 1.353 2.286 2.500 1.553

Mean Absolute Error (mm) 1.389 2.116 0.699 1.856 1.841 1.318

R2 Score 0.998 0.997 0.998 0.998 0.998 0.995

Error of Frequency 1.20% 1.40% 2.62% 3.52% 0.005% 0.35%

relatively constant level throughout the varying input frequencies. The mean absolute error of vi-

bration amplitude is in the sub-millimeter range. This result suggests that a stationary RS sensor

can achieve a high displacement measurement accuracy.

Figure 3.21: Set-up of stationary 1C validation test

Inherently with the RS depth sensor, there is measurement noise that increases as the distance

from the ROI to the sensor increases. The sensor works best at close range, and an experiment was

conducted to test the noise level and accuracy of the sensor at various distances. In the Realsense

SDK 2.0, Intel provides a Depth Quality Tool to measure the noise level of each measurement
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Figure 3.22: Sample displacement measurement results from stationary 1C RS depth sensor with time

history at the top, absolute error in mm in the middle, and power spectral density at the bottom: (a) f0 =

0.50-Hz and (b) f0 = 1.00-Hz

Table 3.6: Results of stationary 1C RS depth sensor

Ground Truth

Frequency (Hz) 0.495 1.004 2.007

Amplitude (mm) 15.7 15.7 15.7

1C Depth Measurement

Number of Samples 1749 1749 1749

Total Time (sec) 58.27 58.27 58.27

Sampling Frequency (Hz) 30.07 30.01 30.01

Frequency Measured (Hz) 0.498 0.996 2.009

Validation Against Ground Truth

RMSE (mm) 0.3788 0.3584 0.4243

Mean Absolute Error (mm) 0.315 0.300 0.356

R2 Score 0.999 0.999 0.998

Error of Frequency 0.402% 0.800% 0.100%
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Figure 3.23: Noise floor of the RS depth sensor

point. By pointing the sensor at a smooth, flat surface, the depth quality tool fits the measured depth

points in the ROI to a plane (which gives the mean value of the depth measurements) and calculates

the RMS error of the measurements. The result is plotted versus the measurement distance in

Figure 3.23 with the required minimum standard deviation of the signal (measured as the standard

deviation of the vibration) of an ROI to achieve a 10% noise-to-signal ratio (defined as the standard

deviation of noise over the standard deviation of the signal). To achieve less noise and higher

accuracy from stereo vision for longer distances, cameras with higher resolution are needed, and

the baseline between the two cameras needs to be increased.

Next, to test the proposed technique using a moving (non-stationary) RS Depth Sensor for

structural displacement measurements, the rigid prismatic structure was secured onto the shaking

table as before; however, the RS sensor was placed on a rolling cart, which allowed for sensor

motion in the depth direction (on the order of 0.5-m) to simulate the drift of the UAS in the z-

direction. The input frequencies and amplitudes of the shaking table were the same as those for

the stationary 1C depth measurement analysis. The IR video with the appearance of both the

rigid structure and reference plane was recorded with 480 × 640-pixel at 30-fps. The results of

the tests are listed in Table 3.7 with the sample time histories of two measurements plotted in

Figure 3.24. The RMS error of vibration amplitude is on the order of a few mm and is consistently
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small throughout the three input frequencies and two input amplitudes tested. The time-varying

absolute error shown in Figure 3.24 is inherent with the RS depth sensor, and its magnitude is a

function of the small baseline and α angle (Figure 3.17a). The frequencies of the signals measured

by the proposed technique agree well with those of the ground truth.

Table 3.7: Results from 1C non-stationary depth validation test

Ground Truth

Frequency (Hz) 0.495 0.495 1.004 1.004 2.007 2.007

Amplitude (mm) 15.7 35.6 15.7 35.6 15.7 35.6

1C Depth Measurement

Number of Samples 613 744 693 856 333 673

Total Time (sec) 20.41 24.82 23.08 29.32 11.07 22.48

Sampling Frequency (Hz) 30.03 29.98 30.02 29.20 30.07 29.94

Frequency Measured (Hz) 0.491 0.484 0.998 0.990 1.993 2.005

Validation Against Ground Truth

RMSE (mm) 0.552 2.101 1.068 1.446 0.456 2.855

Mean Absolute Error (mm) 0.455 1.621 0.907 1.204 0.353 2.229

R2 Score 0.997 0.993 0.990 0.997 0.998 0.985

Error of Frequency 0.811% 2.25% 0.599% 1.404% 0.700% 0.100%

Proof of Concept: An Experiment on 3C Measurement

This experiment was designed to test the proposed methodology in a small-scale laboratory

setting. The double-faceted technique was used to measure the full 3C displacement of the model

structure. The UAS was equipped with the RS sensor, and both the optical sensor and the depth

system of the RS sensor were employed to measure the full 3C displacement of the ROI from

about 0.75-m above the structure. In the test, a 252.4 × 609.6-mm cantilever structure constructed

of balsa wood was placed on the shaking table with the 3-axis accelerometer placed at the end of

the cantilever. Reference targets were placed on the cantilever to allow for DLT and a stationary

reference target was placed 18-cm from the staking table. The corresponding horizontal measuring

distance is 0.735-m for the optical and 1.53-m for the IR image. Sample images are shown in

Figure 3.25. Since the optical sensor has a smaller FOV compared to the IR sensor, the FOV of the
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Figure 3.24: Sample displacement measurement results from non-stationary RS depth sensor with the time

history at the top and absolute error at the bottom: (a) f0 = 0.50-Hz and A = 15.7-mm and (b) f0 = 1.00-Hz

and A = 35.6-mm

optical sensor controlled the height of the UAS in this experiment. The z-direction of the structure

was excited by flicking the cantilever. Additionally, some small ambient load was generated by the

wind induced by the thrust of the UAS’s propellers. The shaking table was used to generate the

rigid body motion of the structure in x- and y-directions. In such a way, the displacements in all

three directions were produced. The video was recorded at 640 × 480-pixel at 60-fps. The inputs

of the shaking table for this test were 0.5-Hz with an amplitude of 35.6-mm in the x-direction

and 1.0-Hz with an amplitude of 15.7-mm in the y-direction. Given the set-up requirements of

the experiment, the flight was performed indoors with a DJI Mavic 2 Pro. This UAS was chosen

because of 1) the omnidirectional obstacle avoidance system built into the UAS (including sonar,

visible sensors, and a dedicated CPU for stability processing) to ensure a safe flight in the GPS-

deprived location and 2) it was extremely stable in-flight with random drifts of about 0.15-m. A DJI

Inspire 2 was also tested but proved too unstable in the indoor environment with a significant drift

of more than 0.5-m. This greater drift forced the DJI Inspire 2 to fly higher above the cantilever

in order to keep the reference and the ROI in the video, which caused a significant error in the

1C depth measurement due to the increased distance between the camera and the structure. To
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(a) (b)

Figure 3.25: FOV of RS sensors from 0.75-m above ground level: (a) Optical sensor and (b) IR sensor

quickly test the concept of the proposed framework, the RS sensor was wired to a ground control

station with a 9-m USB 3.1 cable. The setup for this experiment is shown in Figure 3.26. In a

future implementation, the RS sensor could be self-sufficient without the need for the wire when

secured to the UAS with an implementation of a microcontroller and a dedicated battery source.

Additionally, to provide smoother images, the RS Sensor could be gimballed to the UAS.

Figure 3.26: Set-up of 3C measurement experiment using a UAS equipped with an RS sensor

The results of the experiment are listed in Table 3.8. The ground truth data for x- and y-

directions were obtained with the shake table using Equation 3.13 and are compared in the table.
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Figure 3.27: Displacement in x- and y-directions measured by UAS equipped with RS sensor: (a) Time

history and (b) Power spectral density

Figure 3.28: Displacement in z-direction measured by UAS equipped with an RS sensor with the measured

time history at the top, the wavelet scalogram of the measured displacement in the middle, and the wavelet

scalogram for the acceleration measured by accelerometer at the bottom (for comparison)
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Table 3.8: Results from the 3C measurement experiment using a UAS equipped with an RS sensor

X Y Z

Ground Truth

Frequency (Hz) 0.504 1.007 4.673∗

Amplitude (mm) 35.6 15.7 -

Damping Ratio - - 0.0928∗

Measurement

Number of Sample 1910 1910 1910

Total Time (sec) 31.83 31.83 31.83

Sampling Frequency (Hz) 60.02 60.02 60.02

Frequency Measured (Hz) 0.503 1.006 4.431

Damping Ratio Measured - - 0.0970

Validation Against Ground Truth

RSME (mm) 1.648 3.352 -

Mean Absolute Error (mm) 1.342 2.514 -

R2 Score 0.996 0.964 -

Error of Frequency 0.199% 0.100% 5.308%

Error of Damping Ratio - - 4.367%
∗ Obtained from Acceleration Using Wavelet Analysis
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Figure 3.29: Wavelet analysis of the z-direction displacement
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The time histories of the displacements in the x- and y-directions are shown in Figure 3.27 along

with the Power Spectral Densities. It is seen from the results that there is a good agreement between

the measured data collected through the proposed double-faceted technique and the ground truth

data with a mean absolute error of amplitude less than 2-mm and frequency error less than 0.2%

in the x- and y- directions. For the z-direction displacement, transient vibration responses were

generated by finger flicking at the tip of the cantilever (Figure 3.28). Due to the transient and non-

stationary nature of the response, the time-frequency analysis using continuous Morlet Wavelet

Transform was performed to analyze the frequency contents in the signal (Figure 3.28) and identify

the natural frequency and damping ratio of the vertical mode [74, 76, 101]. The wavelet skeleton,

e.g., wavelet coefficients along the ridge in the wavelet scalogram, was extracted. This skeleton is

the analytic signal at the dominant frequency, from which the instantaneous amplitude and phase

angles were obtained. The damping ratio was obtained by taking the logarithm of the instantaneous

amplitude and fitting a linear line for the free decay signal (Figure 3.29). The natural frequency

was found by fitting a linear line to the phase angle of the wavelet skeleton (Figure 3.29). The

instantaneous frequencies and damping ratios for the three transient signals were identified and

averaged values are presented in Table 3.8. Since there is no ground truth data for displacement in

the z-direction, the wavelet scalogram, as well as the natural frequency and damping ratio identified

from the displacement data are compared to those obtained by the acceleration measured by the

accelerometer. It is seen from Figure 3.28 that the dominant frequency contents from acceleration

are slightly higher than those of the displacement, which is expected as the frequency response

function (FRF) for acceleration equals the FRF of the displacement multiplied by the frequency

squared. The agreement of the natural frequency and damping ratio identified from displacement

and those obtained from acceleration is good (Table 3.8), considering the very short duration of the

signal and inherent larger uncertainties in system identification. A comparison of the preliminary

proposed technique to other techniques in the literature is presented in Table 3.9.
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Table 3.9: Comparison of the proposed technique to other literature references

Method
2C Planar

RMSE

2C Freq.

Error

1C Depth

RMSE

Proposed

UAS-Enabled 3C 1.65-mm 0.10% 2.10-mm

Displacement Measurement (4.6%) (5.9%)

Single Stationary Camera (2C)

Markers on Target Locations [102] - 0.80% -

Markers on Target Locations [103] 0.5-mm - -

LED Markers on Target Locations [104] - 0.78% -

Painted Speckle Pattern [105] 2.7-12.6% - -

Stationary Stereo Vision (3C)

Markers on target locations [106] 0.52-mm - 0.35-mm

UAS-Enabled Single Camera (2C)

High-Pass Filtering & Adaptive Scale-Factor [88] - 1% -

High-Pass Filtering [82] - 1.6% -

Feature Tracking of Background and ROI [87] 2.14-mm - -

UAS-Based Laser Doppler Vibrometer (1C)

Vibrometer on UAS [84] - - 5%

Discussion

Despite its high accuracy in the proof of concept, the preliminary framework may not be prac-

tical in a real-world application. Below, the limitations are discussed.

1. Measurement accuracy. To apply this technique to field application, a longer working

distance between the UAS and the structure is desired. To achieve a similar level of accuracy,

the ground sampling distance of both the IR and optical sensors needs to be similar or better,

and the angle between the two IR cameras should be equal to or greater than in the current

experiments. This requires using cameras with higher resolution and longer baseline (i.e.,

distance between the cameras), and a laser projector with a longer working distance.

2. Reference target size and location. The size of the reference target is dependent on the

ground sampling distance of the optical camera. In this proof of concept, the diameter of the

red targets was 2.54-cm. If the ground sampling distance of the optical camera is similar to

the proof of concept test, a similarly sized reference target could be used. In the laboratory
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experiments, the reference target was located close to the structure so that it was in the same

image frame as the ROI. In large-scale applications, it might not be feasible to have the

reference and the structure in the same frame due to the constraints of the measurement field

of the cameras.

3. Lighting condition. The virtual speckle pattern projected by the IR projector is less visible

in direct sunlight. However, the proposed technique can be used in shadowed areas (e.g.,

under a bridge or on the shaded side of a building) or after sunset. The current bridge

inspection may occur during the nighttime to alleviate traffic interruptions, providing a more

favorable lighting condition for applying the proposed technique.

3.6 Task 5: 3C Dynamic Displacement Measurements: Large-

Scale

3.6.1 Task 5: Motivation

Measuring the 3C dynamic displacement of full-sized structures is a vital step to validate FE

models and more generally understand the performance of a bridge within a DT. Previously, in Task

#4, (Section 3.5), a successful technique was developed to capture 3C measurements; however, a

variety of limitations impeded measurements of real-world structures including the close distance

to the region of interest, lighting conditions, and the small horizontal measuring distance of the

sensors [60]. This task developed a technique to overcome these shortcomings and impediments

to real-world applications. To facilitate 3C displacement measurements with sensors attached to a

UAS in the field without the use of reference targets, the proposed framework with an upgraded

sensor suite will be tested, analyzed, and validated with a real-world example. The literature review

for this task has been completed in Section 3.5 and is omitted here for conciseness.

Considering the advantages of UAS technology, lessons learned, and limitations of the pre-

vious studies, this paper proposes to scale up the concept of 3C displacement measurement first

proposed in [10] for application to full-scale structures, where the stereo-vision technique is uti-
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lized to measure the 3C displacement of the structure and compensate for the motion of the UAS by

tracking a stationary reference target. Despite the straightforward concept, significant challenges

are associated when scaling up this technique for large-scale applications.

Challenge #1: Calibration of four cameras in dual stereo vision pairs. In large-scale appli-

cations, it is difficult to capture both the region of interest (ROI) on structures and the reference

target in the same image due to the 3D layout of the structure, which necessitates the use of two

pairs of cameras with one pair tracking the ROI and the other pair tracking the reference target.

Although camera calibration (i.e., solving internal camera parameters) and stereo vision rectifi-

cation (i.e., solving external camera parameters between a camera pair) have been well studied,

calibrating four cameras together for dual stereo vision measurement is very challenging since the

four cameras facing different directions cannot capture the same calibration targets. This type of

dual stereo vision calibration has not been reported in the literature. To tackle this challenge, this

study proposes a unique dual stereo vision calibration technique.

Challenge #2: Precisely accounting for the 6-degree-of-freedom (DOF) motion of a UAS.

Large-scale applications require a longer working distance from the cameras to a structure for

safety and accessibility considerations (the working distance is defined in Figure 3.30). To achieve

high measurement accuracy at a further distance, a longer baseline (Figure 3.30) between two

cameras in each pair is needed. With long camera baselines, the geometric measurement errors

due to the 3-DOF rotation of the UAS system will be magnified significantly. Thus, compensating

for the rotation of the UAS becomes a critical yet challenging step due to the multiple DOFs that are

involved. Although some earlier studies have explored compensating for the translational motions

of UAS [60, 83, 85], there have been no existing methodologies to compensate the 3-DOF rotation

of UAS for 3C dynamic displacement measurements using computer vision in the literature. To

overcome this challenge, this study proposes a mathematically elegant method to simultaneously

measure both the 3-DOF rotation and 3-DOF translational motions of the UAS.

In addition to the above two challenges, tracking the natural features of structures is another

important consideration for practice. Attaching artificial patterns or targets to a structure might be
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impractical in practice [60, 83, 86]. To the author’s knowledge, there is no successful implemen-

tation using only natural features to directly measure the 3C displacements of a structure with a

non-stationary camera. Although there is a slight tradeoff between measurement accuracy and ease

of implementation, this study will explore how to track natural features in concrete with minimal

user input.

In the proposed technique, four total optical sensors are used: two cameras pointed at the

ROI to record the dynamic displacement of the structure and two additional cameras pointed at

a stationary reference to track the movement of the UAS. Each camera pair implements passive

stereo vision to record the dynamic displacements without the need for an artificial target or laser

projector. The 6-DOF displacements of the UAS are measured and compensated for in the ROI

measurements. This dual passive stereo vision framework is novel and provides a portable system

for structural surveillance compared to stationary non-contact sensors while still being able to

measure the 3C dynamic displacement using the full FOV of the camera. The proposed technique

has been published in [107].

The methodology section directly presents the techniques to address the three major challenges.

Next, experimental results are shown to explore the effectiveness of the methodologies. The lab

test is specifically designed to stress-test the three challenges, while a second test explores the

practicality of the system with the cameras attached to a UAS. Lastly, there is a discussion on the

advantages, limitations, and lessons learned from the system, with a conclusion summarizing the

results.

Objectives

1. Develop methodology considering the lesson learned from the RealSense D435 sensor

2. Overcome the limitations of Task #4 for full-scale 3C dynamic displacement measurements

3. Account for all the 6-degree-of-freedom motion of the UAS as to hovers and collects data

4. Perform a field test with the camera rig attached to a UAS
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3.6.2 Task 5: Methodology

This section will discuss the methodology of the dual stereo vision system. First, the design

of the camera rig, which holds the four cameras, and the UAS used will be discussed. Next, the

methodology to calibrate the four cameras to find the relative location of the cameras is explored.

Lastly, this section will discuss the technique to measure the ROI and reference point (REF) dis-

placements and correct for the UAS movement.

UAS-Based Camera Platform

Four GoPro Hero 10s (hereafter, GPs) were chosen because of their compact size, sufficient

battery, and high-quality imagery. The GPs had a superior ground sampling distance (GSD) due

to the increased sensor size and the number of captured pixels than those used in the previous

study [60]. From a 5-m distance, the GPs had a GSD of 1.99-mm/pixel. Additionally, from a

5-m distance, the cameras capture an area of 5.9-m × 10.6-m. With a 1/2.3” sensor (6.17-mm ×

4.55-mm), the GPs were able to capture 16-MP images at a sampling rate of 60-frames/sec (fps).

The GPs were attached to a DJI Matrice 600 Pro UAS. This UAS can carry a 5.5-kg payload while

providing about 20-min of flight time.

The two camera pairs were placed at a 90◦ angle from each other with one pair tracking a

moving object (structure) and the other pair tracking a stationary target, as shown in Figure 3.30.

As a note, the stationary reference is not required to be under the UAS; likewise, the ROI is not

required to be in front of the UAS as shown in Figure 3.30. Rather, the stereo camera pairs can

be placed at any angle from each other according to the geometries of the structure of interest and

available reference in field applications. The configuration of the four GPs and the UAS are shown

in Figure 3.31. The entire camera rig was designed to be as rigid as possible to ensure that the

four cameras moved in tandem (i.e., there is no relative motion among cameras), which is vital for

accurate measurements. Each camera was bolted to a square steel tube, and the bolted connections

were secured with a permanent thread lock. The rigid steel tube restricted the movement between

the GPs (i.e., consistent baseline). Next, to reduce the camera’s vibration while it is attached to

the UAS, rubber washers, rubber grommets, and rubber rings were attached to the connections
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between the UAS and the steel square tube. The steel tubing and bolted cameras are referred to

as the camera rig. The camera rig was removed from the UAS during calibration and lab testing

for easier handling. The gimbaled camera originally attached to the Matrice 600 was still operable

during the flight for easier navigation and control.

(a) (b)

Figure 3.30: Overview of dual stereo vision camera setup: (a) Front view of the UAS system with the

overlap of the stereo cameras shown; and (b) Side view of the UAS system with the layout of the dual stereo

vision system

Dual-Pair Camera Calibration

Before taking measurements with the cameras, they need to be calibrated. The dual stereo

vision process requires a three-step calibration process:

1. Individual camera calibration to undistort images

2. Stereo rectification to solve for the extrinsic parameters of a camera pair and virtual intrinsic

parameters

3. Dual stereo pairs calibration to find the location of the camera pairs with respect to each

other and to unify measurements to one local coordinate system
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(a) (b)

Figure 3.31: Dual stereo vision camera rig attached to a DJI Matrice 600 Pro UAS: (a) Detached camera

rig used during calibration and rectification; and (b) Matrice 600 Pro with attached camera rig

Step 1: Individual camera calibration. The dual stereo pairs calibration is a novel technique,

while individual camera calibration and rectification have been well-researched previously. Typical

camera calibration identifies the Intrinsic Matrix, I, (Equation 3.14) and distortion coefficients,

which removes distortions in the image [92]. I consists of the camera’s focal lengths in the x-

and y- directions (fx and fy, respectively), the skew factor, s, and the principal points of the

image (cx and cy). In this implementation, the skew factor, s, was assumed to be 0, a typical

assumption for modern cameras. The camera parameters were found using MATLAB’s built-in

Camera Calibration App with a checkerboard pattern. A high-quality checkerboard print was

printed on thick paper and glued to a sheet of glass to ensure a smooth flat surface, which is

important for accurate calibration and rectification. The results were then exported for later use.

As a note, the camera calibration must be performed on every camera individually (i.e., four total

sets of calibration parameters); however, the parameters remain constant for each individual camera

unless there is a significant knock to the camera or a large temperature shift [95].

[I]3×4 =









fx s cx 0

0 fy cy 0

0 0 1 0









(3.14)
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Step 2: Stereo vision rectification. Once the cameras are calibrated, and the distortions are

removed from the images, each camera pair must be rectified. Rectification ensures that epipolar

lines exist between the two cameras (i.e., the vertical pixel location of the ROI is the same between

the two cameras) and that the image planes of the camera are on the same plane. Stereo rectifi-

cation solves for the rotation, R, and translation, T, of the second camera (i.e., right camera in

this implementation) with respect to the first camera (i.e., left camera). The rotation matrix and

translation vector can then be combined to build the Extrinsic Matrix, E, (Equation 3.15), which

defines the transformation from the sensor of the left camera to the sensor of the right camera. This

process was performed with MATLAB’s built-in Stereo Camera Calibrator App with a checker-

board pattern glued to a glass plane. After rectification, the two image planes are assumed to be

on the same plane. This transformation changes the focal length, principal point, and baseline

found in the camera calibration procedures. Therefore, a virtual focal length, principal point, and

baseline are estimated based on the rectification parameters. These virtual parameters are used in

subsequent steps to find the 3D distances. The camera pair rectification must be performed for

each camera pair (i.e., two times total) but does not need to be re-performed unless the cameras are

moved or rotated with respect to each other from their original position. During the camera cali-

bration and rectification procedures, the camera rig was suspended above the ground with a tripod

with the calibration plane placed on the ground. The cameras were triggered remotely using a pro-

prietary remote for the GPs. This remote is capable of triggering the GPs to start capturing videos

at roughly the same time with an error within a couple of frames. Although this synchronization

error is too large for measuring dynamic displacement, here, it is not an issue for calibration and

rectification since the cameras and calibration board are in a stationary position for each video

capture.
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Step 3: Dual stereo pairs calibration. The dual pairs calibration is performed to measure the

position of each camera pair with respect to the other camera pair. A novel dual stereo pairs

calibration technique is developed to measure the camera’s pose and transform the 3C distances

measured by each camera pair in their unique local camera coordinate system into the same local

coordinate system. The camera pose is the camera’s position and rotation at a given time point.

This effort addresses Challenge #1 of the dual stereo vision technique. For this process, only the

left camera poses are used (the transformations from the right camera to the left camera are known

through E in Equation 3.15, found during camera pair rectification). Since two pairs of cameras

are facing different directions and cannot see the same ROI, a unique 3D calibration target is

created. Specifically, a checkerboard calibration pattern with numbered squares is attached to two

flat surfaces normal to each other. Two sheets of glass were attached to the wall and the ground

and leveled to ensure they were perpendicular. A long checkerboard pattern was printed on thick

paper and glued to the glass panes for a smooth surface. Next, the camera rig is suspended above

the 3D calibration target, and a short, 30sec video is recorded while the camera rig is randomly

rotated and translated by hand in all 6-DOF. The set-up of this calibration process is shown in

Figure 3.32. Since the distances between the corners of the checkerboard are known (i.e., each

square has a width of 1.651-cm), the relationship between the two camera pairs is found. First,

the transformation to convert the points measured in the local coordinate system of the camera to

global coordinates

[

X Y Z 1

]T

, is found by
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Figure 3.32: 3D calibration target set-up for dual stereo pairs calibration with the camera rig suspended

above the target

[

i j k 1

]

︸ ︷︷ ︸

ROI Cam. Coord.

T

=

[

AROI
w→c

] [

X Y Z 1

]

︸ ︷︷ ︸

Global Coord.

T

(3.16)

[

x y z 1

]

︸ ︷︷ ︸

REF Cam. Coord.

T

=

[

AREF
w→c

] [

X Y Z 1

]

︸ ︷︷ ︸

Global Coord.

T

(3.17)

where

[

i j k 1

]T

are the identified points in the local camera coordinates of the ROI cameras,

[

x y z 1

]T

are the identified points in the local camera coordinates of the REF cameras, and
[

AROI
w→c

]

and

[

AREF
w→c

]

are the transformation matrices from global coordinates to local camera

coordinates for the ROI and REF cameras, respectively. The transformation matrices are composed

of a 3× 3 rotation matrix and 3× 1 translation vector.

[

AROI
w→c

]

=






RROI
w→c TROI

w→c

0 1






4×4

(3.18)
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Since the coordinates of checkerboard points are known in both the local camera coordinates and

the global coordinates, the transformation is solved using singular vector decomposition. First, the

covariance matrix, H, is defined for each transformation matrix given a set of n points in a frame

as
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ī

j̄

k̄









3×1









×

















X

Y

Z









3×n

−









X̄

Ȳ
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where the barred coordinates represent the average, and n is the number of identified points in one

frame. After the covariance matrices for the ROI and REF points are found, singular value decom-

position of these covariance matrices is performed such that H = U × S × VT . By multiplying

the right singular vectors, V, by the transpose of the left singular vectors, U, the rotation matrix,

Rw→c is found.
[

RROI
w→c

]

3×3

=

[

VROI

]

3×3

×
[

UROI

]T

3×3

(3.22)

[

RREF
w→c

]

3×3

=

[

VREF

]

3×3

×
[

UREF

]T

3×3

(3.23)

Lastly, the translation vectors are found by

[

TROI
w→c

]

3×1

=

[

X̄ Ȳ Z̄

]T
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−
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(3.24)

[
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3×1
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−
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]

3×3

×
[

x̄ ȳ z̄

]T

3×1

(3.25)
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With the solved transformations, the transformation from the local coordinate system of the

ROI camera to the local coordinate system of the REF camera,

[

AROI→REF

]

, is found by con-

verting the ROI points to global coordinates and then to the local REF coordinate system with the

following transformation,

[

AROI→REF

]

=






RREF
w→c TREF

w→c

0 1











RROI
w→c TROI

w→c

0 1






−1

(3.26)

Therefore, the points in the local camera coordinate system of the ROI camera are converted to the

local camera coordinates of the REF camera by

[

x y z 1

]

︸ ︷︷ ︸

REF Cam. Coord.

T

=

[

AROI→REF

] [

i j k 1

]

︸ ︷︷ ︸

ROI Cam. Coord.

T

(3.27)

With the above-defined transformation matrix,

[

AROI→REF

]

, the points measured from the

ROI camera pair (in engineering units in the ROI local camera coordinates) are then transformed

into the local camera coordinates of the REF camera pair. With a short video, a rotation matrix

is solved by averaging the rotation matrices for each frame. Specifically, the rotation matrix of

each frame is converted into quaternions. Then, the quaternions are averaged and converted back

into a rotation matrix,

[

RROI→REF

]

. The translation vector is also averaged over the frames,
[

TROI→REF

]

.

[

AREF
w→c

]

and

[

AROI
w→c

]

can vary from frame to frame depending on the movement

of the cameras; however,

[

AROI→REF

]

remains constant since the position of the camera pairs

relative to each other remains constant. With all the measured points in the same local coordinate

system, the measured distances are related and later transformed into global coordinates for dis-

placement measurements. This process is done only once for the two camera pairs and remains

constant if the cameras are not shifted (i.e., during transportation of the camera rig).
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Dual Stereo Vision Measurements

To provide high accuracy at a farther measuring distance, the baseline between the cameras

within a camera pair is increased to about 80-cm. Theoretically, with an extended baseline, the

accuracy of the measurements increases; however, there are limits to the baseline length in imple-

mentation. For example, occlusions of the ROI, size of camera rig, inability to match keypoints,

etc. could be factors limiting further increases of the baseline. The cameras used had a superior

GSD due to the increased sensor size and the number of captured pixels than those used in the

previous study [60].

Each stereo vision camera pair measures the x-, y-, and z-coordinates of a matched keypoint

in the local camera coordinate system of the left camera. To find these measurements, first, the

keypoints between the cameras are found and matched between the two cameras. To avoid the need

to use artificial patterns, natural features intrinsic in the material are found and tracked. Keypoints

are initially manually identified within the image frame where measurements are needed. This

minimal user input only requires the user to select matching keypoints in each camera pair for the

first image frame. For instance, if the user would like to track the motion of a bolt, the user will

manually select a keypoint on the bolt in the left camera and then manually select the corresponding

keypoint in the right camera of a camera pair to create a matching keypoint set. The procedure can

be aided by zooming in on the bolt extremely closely to find a matching keypoint between the

two cameras. An advantage of manually initializing and matching keypoints over other automatic

techniques is that measurements can be taken at any location a keypoint can be tracked instead

of relying on the identified keypoint location with other algorithms. In this implementation, five

keypoints were matched between the two cameras in each pair. Then, optical flow is implemented

to track the selected keypoints frame-to-frame. Optical flow tracks keypoints using a Harris Corner

Detector and then searches within a small window in the next frame for a similar point [65–

67]. As a note, alternatively, the keypoints can be automatically matched by other techniques

such as block matching, which is typically used to generate depth maps of the entire FOV of the

cameras in stereo vision applications [108]. However, manually matching the keypoints initially
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and implementing sub-pixel optical flow across the frames produced more precise results than

using the block matching technique, which has made tracking natural features possible. Using the

existing automated matching techniques, tracking the natural features can be very unreliable. After

the keypoints between the two cameras are found, the 3D locations of the keypoints are determined

using stereo vision.

With a matched set of identified keypoints, the 3D loations of the keypoints are found. The

variables for the stereo vision calculations are defined in Figure 3.33. The image plane in Fig-

ure 3.33 is the rectified image plane. Correspondingly, f (which is the same for both cameras) and

B are the virtual focal length and baseline, respectively. uL
pix and vLpic are the pixel distances from

the virtual principal point in the local x- and y-directions for the left camera, while uR
pix is the pixel

distance from the virtual principal point in the local x-direction for the right camera. The star on

the target is an identified and matched keypoint, and x, y, and z are the 3D coordinates in the local

camera coordinate system. Using similar triangles, the 3D geometry is defined by,

(a) (b)

Figure 3.33: Schematic diagram of the general stereo vision geometry (plotted based on REF cameras): (a)

Solving for the x- and z-directions; and (b) Solving for the y-direction
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f

uL
pix

=
z

x
;

f

uR
pix

=
z

(x− B)
;

f
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y
(3.28)

x =
B · uL

pix
(
uR
pix − uL

pix

) ; z =
B · f

(
uR
pix − uL

pix

) ; y =
B · vLpic

(
uR
pix − uL

pix

) (3.29)

where
(
uR
pix − uL

pix

)
is defined as disparity, which is the pixel distance between a pixel in the left

camera to the corresponding pixel in the right camera.

Lastly, to address Challenge #2, the translation and rotation of the UAS are measured on a

frame-by-frame basis. The rotation and translation measurement of the UAS follows a similar

mathematical principle to that stated in [109] for tracking of windborne debris in space using

stereo vision. The proposed technique directly solves for the transformation matrix from the global

coordinate system to the local coordinate system of the left REF camera. Using this transformation

matrix, the 6-DOF motion of the UAS is recovered by tracking points in a reference plane. The

directional unit vectors, û, v̂, and ŵ, and the center point, C are defined using the reference plane

in Figure 3.34. First, a plane of best fit of the reference points, whose locations are measured with

respect to the local coordinate system of the left REF camera, (i.e., Q1 through Q5) is found using

least squares. This fitted plane is the reference plane in the real world. The reference points are

split into two groups: group 1 consists of Q1, Q2, and Q3, and group 2 consists of Q3, Q4, and

Q5. The centroids of the two groups are found and projected onto the fitted reference plane (i.e., C

and D for group 1 and group 2, respectively). The directional vector, ŵ, is found by taking the unit

normal of the fitted plane. Next, the directional vector, û, is defined as the unit vector from C to D:

û = CD
|CD|

. Lastly, the directional vector v̂ is defined as the cross product of û and ŵ: v̂ = û×ŵ
|û×ŵ|

.

Point C is defined as the origin of the global coordinate system, while û, v̂, and ŵ define the

mutually perpendicular coordinate axis. As a note, only three non-collinear points in the reference

plane are required; however, it was found that using two groups of three points produced a more

stable global coordinate system as it averaged out random fluctuations of the point measurements.

The transformation matrix from global points to the local camera coordinates of the REF camera
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is defined by,
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The inverse of

[

F

]

,

[

F−1

]

, defines the transformation from the local camera coordinates of the

REF camera to the global coordinate system,
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[

F−1

]

allows the transformation of points in the local coordinate system of the REF camera into

global coordinates. Since the reference points do not move, the reference coordinate system re-

mains constant. This transformation is solved on a frame-by-frame basis to compensate for the

random drift and rotation of the UAS.

Figure 3.34: Reference plane and the global coordinate system

With all the transformation matrices defined, the points measured in the local camera coordi-

nate system of the ROI cameras (

[

i j k 1

]T

) are directly converted into the constant global
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coordinates (

[

X Y Z 1

]T

), where the 6-DOF of UAS motion is compensated for via

[

F−1

]

.

Specifically, the ROI points in the local ROI camera coordinate system are firstly converted into

the local REF camera coordinate system through

[

AROI→REF

]

. The points in the local REF cam-

era coordinate system are then transformed into global coordinates through

[

F−1

]

. Finally, the

measured 3C motion of ROI points is represented in the constant global coordinates by

[

X Y Z 1

]T

4×n
︸ ︷︷ ︸

ROI Points in Global Coord.

=

[

F−1

]

4×4
︸ ︷︷ ︸

Updated Frame-by-Frame
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AROI→REF

]

4×4
︸ ︷︷ ︸

Constant
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i j k 1

]T

4×n
︸ ︷︷ ︸

ROI Points in Local Coord.

(3.32)

3.6.3 Task 5: Results

Validation of the Proposed Dual Stereo Vision Technique with Nonstationary Cameras

The results of the validation of the proposed technique are presented in this section. The

full calibration process was performed once and assumed to be constant throughout the rest of

the experiments. Each camera pair was calibrated and rectified using MATLAB’s built-in Stereo

Camera Calibrator App. The pixel error of this calibration process was less than 0.5-pixels for

both camera pairs. After calibration and rectification, the ROI and REF camera pairs underwent the

dual stereo pairs calibration procedure to find the transformation between the coordinate systems

of the two camera pairs. Then, the transformation from the local coordinate system of the REF

camera to the global coordinate system is solved for each frame. To test the efficacy of the entire

workflow, an experiment is conducted to measure the global position of stationary points on the

3D calibration target (Figure 3.32) while the camera rig is moving. Since the remote triggering

of the cameras cannot guarantee perfect synchronization, the cameras were first synced through

post-processing using the autocorrelation function of the sound waves generated by hand clapping.

The synchronization using the auto-correlation might still be slightly off, as it cannot recover the

sub-frame time offset. It was observed from many repetitive experiments that the sub-frame time

offset may cause significant measurement errors. Thus, a second step is taken to achieve more

75



accurate synchronization, where the frames are further synced by interpolating the pixel location

of an identified keypoint between the frames. In this experiment, the 3D location of the tracked

stationary points was measured as the camera rig was significantly rotated and translated by hand

above the 3D calibration planes. In a perfect result, the 3D locations of the points would be

stationary since only the camera rig (and not the points) move; however, due to tracking errors

and imperfect calibrations, there is a slight error. The plot of the estimated X, Y, and Z location

of a stationary point is shown for 1,200 frames (about 20sec) in Figure 3.35. The translation and

rotation of the camera rig during this test are also plotted in Figure 3.36. Note the significant

translation and rotation of the camera rig (on the order of ±50-mm and ±15◦) during this test.

The root-mean-square (RMS) error to the ground truth is 0.61-mm, 0.89-mm, and 0.63-mm for the

X-, Y-, and Z-directions, respectively. The sub-millimeter RMS error shows that the mathematical

concept of dual camera pairs calibration, stereo vision measurement, and compensation of 6-DOF

motion of moving cameras is valid in practice.

UAS-Based Measurement Results

After the proposed technique was validated in a lab setting with high accuracy, the camera

rig was placed on a UAS and flown to test the efficacy of measuring dynamic displacements. A

shake table that simulated a sine wave (Equation 3.13) in two directions (X- and Y-directions) was

used to provide a dynamic ROI with known motion (as discussed in Section 3.5). The inputs of

the sine wave (i.e., the amplitude and the frequency) are controllable and, therefore, provide the

ground truth motion. Two concrete beams were placed on top of the shake table to simulate natural

features that would be present in a concrete structure. The frame rate of the cameras is 60-fps. The

UAS was flown approximately 5-m from the shake table. This distance is believed to be sufficient

for field applications. The experimental setup is shown in Figure 3.37. Checkered patterns were

placed on both the ground under the UAS and on the concrete on the shake table for initial testing

of the workflow. However, these patterns were not used in the final data processing. The tracked

points from natural features used in the final test are shown in Figure 3.38.
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(a)

(b)

(c)

Figure 3.35: Measured location of a stationary point using moving dual stereo camera pairs in the global

(a) X-; (b) Y-; and (c) Z- coordinates
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(a)

(b)

Figure 3.36: The captured motion of the camera rig during the station point test: (a) 3-DOF translation of

the camera rig; and (b) 3-DOF rotation of the camera rig
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Figure 3.37: UAS-based lab experiment with shake table motion

(a) (b)

Figure 3.38: The tracked natural features for the: (a) ROI measurement area; and (b) REF measurement

area
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The directions of motion of the shake table did not perfectly align with the reference coordinate

system on the ground (Figure 3.37). To be able to compare the ground truth from the shake table

with the motion measured with respect to the reference coordinate system, the reference coordinate

system was transformed to align with the motion of the shake table. The transformation matrix was

solved by finding the dominant direction of motion of the measured data through singular value

decomposition such that G = U× S×VT , with

G =
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Ȳ

Z̄









3×1









T

(3.33)

The dominant direction is described by the right singular vector, V1, corresponding to the largest

singular value, S1. Knowing the dominant direction, the transformation matrix is solved directly

using Equation 3.30. Specifically, the dominant direction forms û in Equation 3.30, while v̂ and

ŵ are determined using the same approach described in the “Dual Stereo Vision Measurements”

section. Lastly, a high-pass filter and low-pass filter were applied to the measurements. These

two filters removed the high-frequency variations due to the slightly inaccurate subpixel tracking

and the low-frequency variations due to the non-compensated UAS motion. The results for the

test are shown in Figure 3.39 with the ground truth signal and tabulated in Table 3.10. Note that

the shake table did not move in the Z-direction. The RMS error of the measured motion and the

ground truth is 2.54-mm and 5.77-mm in the global coordinate system in the X- and Y-directions. In

addition, the 3-DOF translational motion and 3-DOF rotation of the UAS are plotted in Figure 3.40.

Note that the measured dynamic displacement (Figure 3.39) and the captured motion of the UAS

(Figure 3.40) show little correlation demonstrating the motion of the UAS are removed successfully

from the measured displacements. It is also worth noticing that the magnitude of the UAS motion is

quite significant, on the order of ±250-mm and ±5◦, while the magnitude of motion of the concrete

beam is only 10 to 50-mm. Being able to measure the relatively small amplitude of displacements

with the significant UAS motion has demonstrated the prowess of the proposed technique. The

80



power spectral densities of the measured 3C displacements are shown in Figure 3.41. The percent

difference of the estimated frequencies to the ground truth is shown in Table 3.10. Note that due

to the relatively short signals (less than 10-sec), the errors in frequency estimation are partially

attributed to the short window effect on the Fourier transform.

(a)

(b)

(c)

Figure 3.39: Comparison of the measured motion of the concrete on the shake table against the ground truth

measurements in the (a) X-direction; (b) Y-direction; and (c) Z-direction

Discussion

Measurements of 3C dynamic displacements were taken of a concrete ROI using cameras at-

tached to a UAS. The proposed system demonstrated sub-millimeter accuracy, but errors were

slightly increased when the camera rig was flown farther from the ROI in the field test. This in-
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(a)

(b)

Figure 3.40: The captured motion of the UAS during flight: (a) 3-DOF translations; and (b) 3-DOF rotations

Figure 3.41: Power spectral density of the UAS-enabled 3C dynamic displacement measurements
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Table 3.10: Results of UAS-based 3C dynamic displacement measurements

Dual Stationary Point

Lab Measurement

RMS Error (mm)

UAS-Based Measurement

RMS Error (mm)

UAS-Based Frequency

Percent Different

X-Direction 0.635 2.54 5.86%

Y-Direction 0.898 5.77 5.67%

Z-Direction 0.607 6.40 -

crease in error is likely attributed to two related factors: inaccurate subpixel tracking of natural

features and reduced GSD at greater distances. The theoretical minimal error based on GSD is

about 2-mm, and the proposed technique was able to achieve errors close to this benchmark. Based

on the lessons learned from this study, there are some considerations for future improvements and

applications:

1. The measurement errors in engineering units are extremely sensitive to the pixel errors of

the entire system. Therefore, the performance of the cameras (in terms of the GSD) and the

tracking technique directly affect the accuracy of displacement measurements.

2. It is crucial to ensure that the four-camera rig attached to the UAS is rigid. Slight movements

of the cameras during flight or transport may lead to the change of relative locations of four

cameras and de-validate the camera calibration, therefore, causing significant errors in the

measurements.

3. Synchronization of the cameras is critical. The errors are significant if the cameras are out of

sync by half of a frame (about 0.010-sec in this study). Extra caution is needed when using

software synchronization. Whenever possible, it is recommended to implement hardware

synchronization of the cameras.

4. It is important to estimate the GSD of the camera systems before any application, as the

GSD dictates the theoretical minimum error and the longest distance from the camera to the

structure that leads to acceptable measurement errors.
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Conclusions

This study presents a novel dual stereo vision technique to directly measure the dynamic dis-

placements of a structure with a UAS platform. With two pairs of cameras attached to a UAS, the

3C dynamic displacement of the structure and the 6-DOF motion of the UAS are simultaneously

measured using a mathematically elegant workflow. The following conclusions are drawn from

this study.

1. A novel pair calibration technique is developed to precisely determine the relative locations

of the four cameras for the challenging condition where the same keypoints are not visible

in all four cameras.

2. Using two pairs of cameras allows flexibility in choosing a stationary reference. The two

camera pairs can be oriented in different directions to provide the best vantage points for

both the ROI and reference, greatly enhancing the feasibility of applying the new technology

in various field environments.

3. The 3-DOF translation and 3-DOF rotation motion of the camera rig is successfully re-

covered by finding a transformation matrix from the global coordinate system to the local

coordinate system of REF cameras.

4. Natural features can be identified using minimal user input and tracked providing the ability

to take measurements anywhere without the use of artificial targets, making the proposed

technique viable for difficult-to-access structures.

5. The efficacy of the proposed technique was demonstrated via experiments, where the RMS

errors of the measured displacement time histories at a 5m distance from the cameras to the

structure are 2.54mm and 5.77mm in the X- and Y-directions of the global coordinate system,

which corresponds to a mean average percent error of 22% and 11%, respectively. This

accuracy level was achieved when measuring displacements with amplitude in the order of

10 to 50mm under UAS motion in the order of ±250mm (translation) and ±5◦ (rotation). The
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ability of this technique to measure small-amplitude dynamic displacement with significant

UAS motion allows the applicability of this UAS-based remote sensing technique to civil

structures under challenging environmental conditions such as high winds.

6. The 5m camera-to-structure distance achieved through this study is considered a significant

improvement compared to that of the existing study (0.75m) [60]. The area of the ROI

captured by the cameras at this 5meters distance is 5.9m × 10.6m. This working distance

and camera field of view have demonstrated the feasibility and applicability of the proposed

technique on a large scale for many civil structures.

3.7 Task 6: Component Identification

3.7.1 Task 6: Motivation

With segmented components (i.e., bridge deck, girder, piers, etc.) within images collected

with terrestrial or UAS-enabled photography, bridge managers will not only be able to facilitate

FE modeling by streamlining the materials selections and geometry but also link damage on a

component-level and better use predictive modeling to predict the bridge’s performance in the fu-

ture. To find the components of a bridge, previous research has explored using human-in-the-loop

machine learning with clustering techniques (i.e., K-means clustering, agglomerative clustering,

Gaussian mixture models, etc.) to segment out the components of a bridge directly from the 3D

point cloud with a high rate of accuracy [10]. This technique was tested on two concrete bridges.

Although the proposed technique requires only 10-30-min of time is required to obtain a fully seg-

mented point cloud, there is still user input needed to provide the initial points and supervise the

clustering techniques. Moreover, additional processing time is required to label the segments. A

more general framework without the need for significant user input still needs to be developed and

tested.

To achieve a generalized approach, semantic segmentation from the images is proposed. Se-

mantic segmentation involves classifying each pixel within an image with semantic labels and has

been researched in a variety of applications such as crack identification [10, 36, 42], biomedical

85



image segmentation [43], and scene segmentation for autonomous vehicles [110]. Although train-

ing a model for pixel-level semantic segmentation is more difficult, it is advantageous over using

other segmentation techniques such as object segmentation where only a bounding box is drawn

over an identified object [111]. The basic architecture of the semantic segmentation network used

is the U-Net and is used to identify steel fatigue cracks in Section 3.2. The original U-Net design

proposed was first presented in [43] for the segmentation of nuclei in biomedical images. Although

the general architecture is similar, the proposed U-Net is much different from the original design

in that it is deeper and has two encoders that allow for the fusing of the color and depth map

images (one encoder to handle the color inputs and one encoder to handle the depth maps). To

take advantage of previous research, transfer learning is implemented. A pre-trained classifier net-

work, the Inception ResNet Version 2 (IRNV2), is used as the encoder for the colored images. The

IRNV2 was originally developed to classify images from the ImageNet dataset which contained

1,000 image classes [112]. When originally presented, the IRNV2 was a state-of-the-art network

to achieve the highest accuracies in the ImageNet dataset and is still one of the best-performing

networks. An advantage of the IRNV2, which was exploited in the proposed network, is that it

has multi-scale convolutions simultaneously which the authors call “Inception Residuals” which

capture features of different sizes, which is an advantage when trying to identify the components

of a structure. The skip connections are drawn from layers within the IRNV2 and connected to the

decoder. Moreover, the proposed architecture fuses the color image data with depth map images

to improve the predictions. The depth map images are generated during the point cloud generation

and provide the distance from the camera to pixels within the image. By fusing these two data

together, the AI network is able to better predict to which class each pixel belongs. Lastly, once

the components are labeled and segmented in the images, they can also be mapped onto a point

cloud to provide a component-wise segmented point cloud in addition to the segmented images.

This process of mapping the images onto the point cloud can be accomplished by utilizing the

camera’s poses generated during the point cloud creation using structure-from-motion [10].
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This section will first examine the existing literature and techniques to segment a point cloud

directly and state-of-the-art semantic segmentation. Next, the proposed AI network is discussed,

and the data is presented. Lastly, the results of the training are examined to evaluate the efficacy of

the proposed AI network.

Objectives

1. Develop a methodology to allow for component-wise damage information and facilitate the

creation of FE models using the 3D point cloud generated with structure-from-motion

2. Identify the performance of an AI network to semantically segment the images collected

with a UAS

3. Discuss the applicability of using the network (which is trained with synthetic data) on real-

world structures including acquiring and using the depth map images

3.7.2 Task 6: Methodology

Dual U-Net Architecture

All the components used to build the proposed U-Net (i.e., convolution, transposed convolu-

tion, pooling, normalization, etc.) have been discussed in Section 3.2 and will not be discussed

here for conciseness. The overall network architecture is shown in Figure 3.42. This section will

discuss the architecture of each section of the U-Net separately (i.e., color image encoder, depth

map image encoder, and decoder). First, the color image encoder is the IRNV2 (dark blue box

in Figure 3.42). The weights of the network were initialized as the pre-trained weights from the

ImageNet dataset. The last fully connected layers of the IRNV2 were not used since segmentation

instead of classification was the purpose of this network. Additionally, the skip connections from

the encoder to the decoder (red dashed lines in Figure 3.42) were placed just before the size reduc-

tion of the features; therefore, there were 5 skip connections from the encoder. Second, the encoder

of the depth map images (bottom left section of Figure 3.42) was a more standard convolutional ar-

chitecture with a series of convolutions, normalizations, and ReLU activations followed by a max
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Figure 3.42: U-Net architecture for component detection (tan box: convolution, normalization, ReLU ac-

tivation; red box: max pooling; blue box: transposed convolution; magenta box: concatenation; green box:

softmax activation)

pooling operator. The weights were randomly initialized using a He normal distribution [113].

The skip connections in the depth map encoder were placed just before the max pooling operators

and were linked to the decoder through a transposed convolution (red dashed lines in Figure 3.42).

The transposed convolution between the depth map encoder and the decoder was needed due to

the size difference between the color images and the depth map images (i.e., the depth map im-

ages were one-third the size of the color images). Lastly, the decoder of the network gradually

up-scaled from the encoder by concatenating the skip connections from the color image encoder,

depth map encoder, and previous layer (the previous layer connections are shown as solid gray

lines in Figure 3.42). After the concatenation, a series of convolutions, normalizations, and ReLU

activations were performed followed by a transposed convolution. Just before the final softmax

layer, the feature maps were upscaled larger than the output, and a convolutional layer with a stride

of (3, 3) was used to reduce the feature map’s dimensions so that the label dimension matched (i.e.,

the labels were one third the size of the color images).

Training Data and Pre-Processing

To train the network, the data provided by the 2nd International Competition for Structural

Health Monitoring (IC-SHM, 2021) was used. The dataset is computer-generated railway viaducts

generated in [114]. The viewpoints of the images are that of a UAS. The components were auto-
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matically labeled into 7 categories: nonbridge, slab, beam, column, nonstructural, rail, and sleeper.

Additionally, damage spots were added to the components with generated damage labels; how-

ever, since this paper focuses on component detection, the damage labels were not used. With the

dataset, the depth maps of the scene were also given with the focal length of the synthetic camera

used. There are 7,575 input images with a resolution of 1920 × 1080-pixels. The components

labels and depth map images have a resolution of 640 × 360-pixels (i.e., one-third the size of the

color images). Sample images are shown in Figure 3.43. The dataset has different textures for

concrete, metals, etc., and different backgrounds. The data set is unbalanced in terms of the pixel

labels. For instance, about 54% of the pixel labels belong to the nonbridge class while less than

1% belongs to the rail and sleeper class. The full distribution is shown in Table 3.11 where the in-

formation is used for network optimization. The data was split 20% (1,512 images) for validation

and 80% (6,063 images) for training; testing data was provided without labels.

To increase the number of images during training, the data was augmented. About 20% (1,217

images) of the training data was randomly selected for augmentation. Of the images selected

for augmentation, the images received both a flip augmentation and color augmentation. For

flip augmentation, either a vertical, horizontal, or vertical and horizontal flip was randomly se-

lected. For the color augmentation, either random brightness increase/decrease, random contract

increase/decrease, or random principal component analysis (PCA) color alteration [51]. In addi-

tion to increasing the number of images in the dataset used for training, augmentation also helps

in reducing overfitting of the network by providing additional viewpoints and simulating different

lighting conditions.

For the network to be able to handle the input images, the dataset was cropped to 80% of

the original size resulting in the input images having a resolution of 1,536 × 864-pixels and the

labels and depth map images with a resolution of 512 × 288-pixels. The input image sizing was

chosen to ensure that the pixel dimensions were divisible by 96 (i.e., 25 × 3) since the labels in the

provided dataset were one-third the size of the images. No interpolation or resolution alteration

was performed to ensure clean labels and depth map images. With the cropping schema, there was
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Figure 3.43: Sample testing dataset: Left column is the color images; Center column is the depth maps; and

Right column is labeled segmentations
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Figure 3.44: 1,536 × 864-pixel cropping schema of full-sized input images (blue center region: region of

overlap section; and green corner regions: region of unused section)

a 36% overlap of the cropped section and 4% of the image that was not used during training. The

cropping schema is shown in Figure 3.44.

Training and Optimizing the AI Network

The training schema of the network was performed in stages since transfer learning was im-

plemented. Since the color image encoder had pre-trained weights, the weights were initially held

constant and not updated after each epoch. During this training, only the weights of the two un-

trained sections (i.e., the depth map encoder and the decoder) were updated, and the learning rate

was relatively larger at 0.001. Therefore, the network will learn how to interpret the feature maps

from the pre-trained IRNV2 encoder and make the best predictions possible. After 40 epochs were

performed and the weights of the untrained encoder and decoder were learned, the entire network

was trained for 20 epochs with a smaller learning rate of 0.0005 to fine-tune the final results. As a

note, the parameters of normalization (i.e., mean and variance) were not updated during this fine-

tuning stage as it is suggested in the literature that updating these parameters could produce worse

results. The training was performed on an Nvidia Tesla A100 GPU with 40-GB of GPU RAM.

The code of the network was written in Python with Tensorflow [48]. An Adam optimizer was

used. Since the pixel labels were significantly unbalanced, a weighted categorical cross entropy
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(CCE) loss function was used. The class weights for the loss function, wi, assigned to the weighted

average loss function are shown in Table 3.11. The weights were found using,

wi =
NClasses

NClasses ×NInstances

(3.34)

where, NClasses is the total number of classes and NInstances is the total number of instances the class

appears in the training dataset.

The same metrics used in Section 3.2 for the defect identification are also used in this network

to measure the performance. In addition, the mean intersection over union (MIoU ) is also used to

measure how well the pixel label predictions match the correct labels. This metric is advantageous

to use when training a multi-class segmentation network for it measures the area of overlap of the

predicted label and the ground truth label and is calculated as,

MIoU =
1

k

k∑

i=1

|ỹi ∩ yi|
|ỹi ∪ yi|

(3.35)

where, k is the number of classes, ỹ is the predicted class, and y is the ground truth label. An

MIoU of 1 is a perfect prediction.

Table 3.11: Class distribution and weights

Class Distribution Class Weight

Nonbridge 53.93% 0.26570

Slab 12.97% 1.1042

Beam 11.98% 1.1582

Column 17.35% 0.82332

Nonstructural 2.94% 5.1786

Rail 0.657% 21.274

Sleeper 0.184% 79.350

After the training was completed on the synthetic data set provided by IC-SHM, the network

was trained on a small amount of real-world data to extend its applicability to real structures and
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explore the robustness of the network on real-world data. Images were collected for a concrete

double tee bridge in Loveland, Colorado, USA with a UAS. Over four hundred images were col-

lected of this bridge and a 3D point cloud was generated through structure-from-motion [10]. As

a corollary to the point cloud creation, depth maps were also generated for each image. Twenty of

the 448 images of the bridge were selected and manually labeled with semantic labels to identify

the components of the bridge. This bridge had five classes: non-bridge, slab, beam, column, and

nonstructural. A sample of the collected bridge data is shown in Figure 3.45. The same cropping

schema, augmentation, and training/validation split were performed on the real-world data as with

the synthetic data. With this small sample set, the network was refined by training this new data.

The last one-third of the layers (i.e., the last 300 layers) were updated with a small learning rate of

0.0005. As a note, the structure-from-motion-generated depth maps are not as pristine and precise

as the synthetic data; however, the depth maps still have the component information required for

the network. Also, with the additional training, the network is updated to learn how to interpret the

less precise, structure-from-motion depth maps.

(a) (b) (c)

(d) (e) (f)

Figure 3.45: Sample real-world data collected of a concrete bridge; data included color images, depth maps,

and semantic labels
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3.7.3 Task 6: Results

Results of Synthetic Training

The proposed AI network achieved a high accuracy and MIoU score on the validation data.

The results of 3 samples from the validation data are shown in Figure 3.46 and the metrics for

the validation data are shown in Table 3.12. The loss and MIoU over the number of epochs are

given in Figure 3.47 and Figure 3.48. From Figure 3.47 and Figure 3.48, there is little evidence

of overfitting since the validation curves for the MIoU and loss both approach an asymptote.

Using the depth map data provided more information to the network. Incorporating this additional

information, better network performance was achieved when compared to only using the color

image input. In practice, the depth maps can be generated during the process of creating the point

cloud with structure-from-motion [10] or using stereo vision sensors such as Intel Realsense [60].

(a)

(b)

(c)

Figure 3.46: Sample validation results for component detection

94



Table 3.12: Validation metrics

Validation

Data Set

Real-World

Images

Accuracy 99.15% 96.80%

Recall 99.15% 96.80%

Precision 99.15% 96.80%

F1 99.15% 96.80%

MIoU 99.04% 96.41%

Loss 0.0628 0.157

Figure 3.47: MIoU during training (dashed gray line represents where the entire network training began)

Figure 3.48: Weighted categorical cross-entropy loss during training (dashed gray line represents where the

entire network training began)
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Results of Model Updating for Real-World Data

After proving the high performance of the network on the synthetic dataset, the efficacy of the

network in identifying components from real-world images is also evaluated. A high accuracy was

achieved on the validation data (Table 3.12) by training the 20 images of a real concrete bridge for

40 epochs. To further test the network performance, a sample of additional images of the bridge,

which the network has not seen, was also passed through the network to generate labels. These

images are shown in Figure 3.49. It is seen that the components were successfully identified. The

high performance of the proposed network with a small number of additional images shows that

an inspector or bridge manager is required to only manually label a subset of the images, update

the network, and then the AI can provide the identified components on the entire dataset of the

bridge. Ultimately, as this process continues and the network evolves and learns the additional

data, manually labeled data will not be required for new applications.

Conclusions

Component identification is an important module within a DT to help facilitate element-wise

metrics and automated FE model generation. In this task, an AI network was designed and first

trained on synthetically generated images. The proposed AI network features data fusion of both

color images and depth map images, which enables the identification of the components of a bridge

with a high accuracy (in terms of MIoU). After the initial training using the synthetic images, the

network was updated with additional training data of images of a real-world concrete bridge. By

only updating the network with a small subset of the images, the network was able to accurately

segment the components of a bridge on unseen, real-world images.

3.8 Task 7: Connection Identification

3.8.1 Task 7: Motivation

Identifying the connections within a structure can help to streamline the automated FE mod-

eling of a bridge and make the implementation of DTs simpler in practice. The intent of this task
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Figure 3.49: Results of real-world testing dataset: Left column input color image; Middle column structure-

from-motion-generated depth maps; Right column predicted label
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is to automatically localize and classify a connection (i.e., pinned, roller, moment-resisting, etc.)

without the need for user input. This task of identifying the connections of the bridge is accom-

plished through an AI classification network. This classifier network will provide the connection

labels needed in the FE and DT modeling. Here, a simpler classification network, compared to

the binary semantic segmentation network for defect detection in Section 3.2 and the multi-class

semantic segmentation network for component detection in Section 3.7, is selected. Using the

proposed classifier network, one can generate a heat map of the locations of different types of

connects. This type of classifier network provides a more efficient training and data processing

schema. Two networks are built and trained to handle steel and concrete bridges, respectively.

In the following, the two network architectures and training processes are discussed. A specific

cropping technique to generate the heat maps of the connection location and type is introduced

next. Lastly, the results of the training are presented with the techniques for implementation.

Objectives

1. Build a classifier network to decide if an image contains a connection or not

2. Identify the connection types of a bridge

3. Develop two networks to handle both steel and concrete bridges

4. Train and validate the network with openly available data sources

3.8.2 Task 7: Methodology

In this study, two separate networks are designed and trained to handle connection classifica-

tions of steel and concrete bridges. First, the general network architecture for connection classifica-

tion is discussed. The specific network extensions to handle steel and concrete bridge connections

in each of the respective networks are presented here too. Next, the cropping schema of the data

is discussed which is necessary to generate the heat map images of the connection locations. The

collected data used for training is discussed last in this section.
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Network Architectures for Connection Classification

For connection localization and classification, a simpler image classifier network was chosen.

The advantages of using a classifier network are that 1) it does not require as much training data

as a network for semantic segmentation, and 2) it is much more efficient at passing data through

the network when compared to semantic segmentation. To build upon existing research, transfer

learning was again implemented to serve as the foundation of the network. The Inception ResNet

V2 network was used as the base model for transfer learning [112]. This network was chosen

because of the high accuracy in classifying the ImageNet dataset and the good performance for

identifying components of a structure in Section 3.7. An input size of 256×256 was chosen for the

Inception ResNet V2 because it is a power of 2 (i.e., 28) and it was the optimal input size for defect

identification of steel members (Section 3.2). The details of the components of the network are

discussed in Section 3.2. From the output of the Inception ResNet V2, five additional layers were

added to help classify the features. First, a convolutional layer with a size of (3, 3) and a stride of

(1, 1), with normalization and a ReLU activation is added. After this, a layer with a size of (m,n, c)

is flattened to a vector with a size of ((m × n × c), 1), and each element of the flattened layer is

connected to a dense layer with 512 nodes. In a dense layer, each connection between the previous

layer and the dense layer has a weight that is learned during training. A second dense layer and

softmax activation are added at the end of the network to provide the probability distribution of the

prediction of the class. The network architecture for the steel bridge connection identification is

shown in Figure 3.50.

A two-step training schema was used which is typical when implementing transfer learning.

The learned weights of the Inception ResNet V2 when originally trained on the ImageNet dataset

were uploaded to the network. Since additional layers were added to the network, initially, only

these added layers were trained using the bridge data to directly interpret the learned features of the

Inception ResNet V2. This training lasted 50 epochs with a larger learning rate of 0.0001. After

this initial training, fine-tuning of the network was performed, and the last one-third of the layers

(the last 260 layers) were trained. This was performed with a smaller learning rate of 0.00001. All
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the training was done using an Adam optimizer with the initial parameters of the added layers set

to a He normal distribution [47]. A Python script using the TensorFlow library [48] was used. A

Sigmoid Focal Cross Entropy (SFCE) loss was used as it is best for unbalanced datasets [115].

Inception
ResNet V2

Added
Layers

Figure 3.50: Network architecture of steel bridge connection identification with three output classes (tan

box: convolution normalization, ReLU activation; purple box: layer flattening; orange: fully-connected

dense layer; green: softmax activation)

For concrete structures, two dominant connection types are used in practice: moment connec-

tions and slide-bearing (roller) connections. Although pinned connections are used, they are much

less common for concrete bridges in Colorado, USA, and, therefore, were not considered. More-

over, a moment connection is not needed to be identified on concrete structures since within an

FE model a moment connection is a continuous element. Therefore, the proposed concrete bridge

connection identification network only classifies the images as belonging to a “non-slide-bearing-

connection” and “slide-bearing connection” class. For steel bridge connections, moment, pinned,

and slide-bearing (roller) connections are typical. Again, a moment connection is not needed to be

identified for an FE model; therefore, three classes are needed to be identified with the AI network

with identification classes of “neither-roller-nor-pin-connection,” “roller connection,” or “pinned

connection.” Similar network architectures are used for the two AI networks except for the final

layers. For the concrete bridge network, the output (final layer) has two prediction nodes for the
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Figure 3.51: Cropping, classification, and restitching schema to generate the connection location heat map

binary classification task; for the steel bridge network, the output (final layer) has three prediction

nodes for the three classes.

Generation of Heat Map for Connection Localization

Since the connections are typically smaller relative to an entire image, a sliding window crop-

ping technique is used to crop images in small sections. Then, the classification network is used

to determine whether a cropped portion of the image contains a certain type of connection. Once

the images have been classified, they are restitched together to create a heat map of the locations

of connections in the images with more intense color representing the center location of the con-

nection. The heat map image is the same size as the full-sized input image. An example of this

cropping, classification, and restitching schema which generates the connection location heat maps

is shown in Figure 3.51. With the general location found and the connection type identified, using

the camera’s pose matrix, the connection label can be mapped onto a point cloud and ultimately

facilitate FE modeling (to be discussed in Section 4.2).

101



Data Pre-Processing and Training

With the network architecture built, the training data is assembled. There is no published

dataset with connections of a bridge labeled for either steel or concrete bridges; therefore, data

were manually collected and/or labeled. Two datasets were assembled: steel bridge connections

and concrete bridge connections. For the steel bridge connection dataset, the openly-available

dataset “Common Objects in Context for Bridge Inspection (COCO-Bridge)” was used [1]. This

dataset consisted of 774 images with less than a 1-MP resolution. The images are of steel mem-

bers and bridges taken with a UAS and a handheld camera. The dataset was originally built to

train a network to draw bounding boxes around a variety of identifiable features. Since only con-

nection identification through classification was the goal of this project, the provided labels in the

COCO-Bridge database were not used. The images were scaled up by a factor of two using linear

interpolation of pixel values to increase the size of the images. Next, the images were cropped to a

size of 256×256, the input size of the network. There was a 50% overlap of the cropping schema

to provide additional training data. Lastly, the images were manually classified into three classes

resulting in 9,326 “neither-roller-nor-pin-connection” images, 1,079 “roller connection” images,

and 279 “pinned connection” images. A sample of the full-sized images from the COCO-Bridge

dataset is shown in Figure 3.52.

Next, the concrete dataset was assembled. Three data sources were combined to create this

training dataset. First, 72 images were collected from an open-source online library of street-view

images from Mapillary.com shown in column 1 of Figure 3.53 [116]. These images were collected

of bridges across Colorado, USA. These samples were of varying size and resolution with between

2-3-MP. Next, 575 images were collected of concrete bridges around Fort Collins, Colorado, USA

by the author, as shown in Column 2 of Figure 3.53. The images were collected with a cell phone

at various zoom levels (i.e., wide-angle, 2X zoom, and 3X zoom) and a resolution of 12-MP. The

images were also collected at similar angles and positions as a UAS flight. Lastly, 405 images were

collected of joints of three concrete parking structures around Fort Collins, Colorado, USA by the

author, as shown in column 3 of Figure 3.53. These images were also collected with a cell phone
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Figure 3.52: Sample full-sized images for the identification of steel bridge connections [1]
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at various zoom levels and had a resolution of 12-MP. Although parking garages were not the

structure type of focus for this AI network, these images provided more samples of slide-bearing

joints that would be found on a concrete bridge. The larger, 12-MP images were scaled down by a

factor of 2 using linear interpolation so that the scale of all the images from the three data sources

would be similar. After scaling, the images were cropped to a size of 256×256 with a 50% overlap

between the cropped images. After cropping, the images were manually classified, resulting in

36,247 “non-slide-bearing-connection” class images and 2,388 “slide-bearing” class images.

With all the data assembled, the data is augmented to increase both the number of training sam-

ples and the variety of samples. Data augmentation has been shown to improve results in training

an AI network in both Section 3.2 and Section 3.7. The same data augmentation technique as in

Section 3.7 was used with about 25% of the training data augmented with a color augmentation

and an image transformation. The data was randomly split into validation and training datasets

(20% for validation and 80% for training).

3.8.3 Task 7: Results

Both networks were trained and evaluated. The validation loss and validation accuracy over

each training epoch are shown in Figure 3.54. After fine-tuning, it is seen that the accuracy and

loss of the validation dataset improved in both steel and concrete datasets. The final accuracy and

loss of the validation dataset for the steel and concrete bridges are shown in Table 3.13.

Table 3.13: Validation metrics for connection identification in steel and concrete bridges

Validation Dataset

Steel

Bridge

Concrete

Bridge

Accuracy 95.6% 99.2%

Recall 95.6% 99.2%

Precision 96.5% 99.2%

F1 95.3% 99.2%

Loss 0.0577 0.0275
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Mapillary Sourced

Images [116]

Bridge

Images

Parking Garage

Images

Figure 3.53: Sample full-sized images for the identification of concrete bridge connections
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(a) (b)

(c) (d)

Figure 3.54: Accuracy and loss plots for connection identification on steel bridges (top) and concrete

bridges (bottom); Vertical orange dotted line represents the switch from initial training to fine-tuning
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The use case for this network is to create a heat map image with the location and type of

connection highlighted. A sample heat map of the identified connection classes for steel connection

is shown in Figure 3.55. Recall that to generate this heat map, the full-sized images were cropped

into 256×256 size images and served as input to the network. To increase the resolution of the heat

map, there was a higher overlap cropping rate of 90% (compared to 50% for training). Figure 3.55

shows a high performance of the network to identify both roller and pin connections on a steel

bridge. Table 3.13 shows the accuracy of the validation dataset was 96.2%.

Full-Sized Input Roller Connection Location Pinned Connection Location

Figure 3.55: Sample heat map output of steel bridge connection identification from the validation dataset

For the concrete bridge network, a sample heat map of the identified slide-bearing connection

locations is shown in Figure 3.56. Since the resolution of the concrete bridge images is larger
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compared to the steel image dataset, the size of the hot spot on the heat map in the output is

smaller. The images of the bridge in Figure 3.56 were collected during a UAS flight. This bridge

was not included in the training and validation datasets, thus the images have not been seen by

the network. These images served as testing data. From Figure 3.56, the network successfully

identified the location of the slide-bearing connection from images. The accuracy of the validation

dataset is 99.2%, as shown in Table 3.13.

Figure 3.56: Sample heat map of the slide-bearing connections on additional test bridge data

108



3.9 Summary of Data Analytics

In this chapter, the data analysis was performed. The cracks in steel members were identified

with an AI network, and a methodology was presented to track the growth of defects over time. A

3C dynamic displacement measurement technique is proposed to track the dynamic displacements

of a structure. Three methodologies were explored with the most advanced technique of using a

UAS-enabled dual stereo vision technique capable of measuring full-scale structures with a high

accuracy. These 3C measurements can be used to validate an FE model or further manipulated to

find anomalies within the structure. Lastly, the components and connections within a structure are

identified through separate AI networks to facilitate the automated construction of an FE model

from the 3D point cloud. This data analysis is a vital step in linking the raw data collected with a

UAS to the model libraries to be discussed in the next section.
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Chapter 4

Model Library

4.1 Introduction

The next module within the DT is the model library. Within the model library, a variety of

models are available to further process and fuse the data within the DT. The model library is the

backbone of the DT as it allows for simulations, assessments, and predictions of the structural

performance to facilitate decision-making. In this chapter, two models will be discussed. First, a

workflow to automatically build an FE model by fusing various types of data (e.g., point cloud,

images, etc.) is introduced in Section 4.2. Next, a surrogate model is built by fusing the detected

defects and the structural loads obtained with the FE model, detailed in Section 4.3.

4.2 Task 8: Automated FE Modeling and Updating

4.2.1 Task 8: Motivation

Providing a Finite Element (FE) Model on a bridge-by-bridge basis would empower bridge

managers and decision-makers to make more informed decisions and perform what-if simula-

tions; however, constructing an FE model from 2D CAD drawing and updating the model from

“as-designed” to “as-built” is tedious and time-consuming, and, therefore, costly. Recent advance-

ments in UAS technology have made collecting images trivial. With the collected images, pho-

togrammetry can be implemented to create a 3D point cloud model and 3D photorealistic mod-

els [10]. These visualization models can be scaled and geo-referenced to create an “as-built,”

real-world representation of a structure. However, transforming the 3D point cloud into a solid

model that can be meshed and processed with FE analysis software remains a challenge. For a

bridge structure, a variety of components and connections need to be handled individually when

building an FE model. A point cloud that does not have the component information cannot be

directly used in FE modeling.
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Previous research has explored using point clouds from both photogrammetry and Light De-

tection and Ranging (LiDAR) to construct an FE model. Using LiDAR, Tapkin et al. created

a 3D point cloud of a masonry bridge to investigate the arch bridge’s structural behavior; how-

ever, the 3D point cloud was only used to provide measurements, and the FE model was manually

built [117]. Using LiDAR data, Hinks et al. implemented voxel sampling to generate an FE model

of a facade of a building [118]. Dogan et al. proposed using LiDAR data and voxel sampling to

create a solid model and, instead of using an FE analysis, the authors proposed implementing a

finite cell method (FCM) to analyze the structural integrity of a cave system [119]. Castellazzi et

al. proposed taking the cross-section of a tower building and defining the inside and outside of the

cross-section. Then, using voxel sampling, the authors generated a solid model [120]. Voxel sam-

pling has the advantage of being computationally efficient and fast; however, only square-shaped

solids can be generated, and it lacks the ability to finely control the fidelity of the model within

areas of interest. Kudela et al. used a structure-from-motion-generated point cloud and a space-

tree integration sampling technique to directly generate a regular mesh of finite cells [121]. This

technique provided more fidelity to the model; however, only cube elements are possible. In ad-

dition, these existing techniques may have difficulties in modeling a variety of components in the

same structure, especially if the components are not rigidly connected to each other. For instance,

a bridge model has many components connected through different support types. There may also

be a variety of materials within a bridge model. Modeling connections and assigning different ma-

terial types to different components may be difficult with current techniques. Ursini et al. created

a workflow that integrates LiDAR and structure-from-motion-generated point clouds to generate

an FE model using commercial software and manual editing [122]. The proposed workflow fitted

the complex geometries of a historical building with non-uniform rational basis spline (NURMS)

and planes. Although this process produced an excellent FE model, the computer processing time

and user input were significant. Therefore, a more robust technique still needs to be developed to

handle a generalized bridge shape. In this context, this study proposes a new technique to auto-

matically build component-wise FE models for bridges from a point cloud.
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Objectives

1. Develop a methodology to generate an FE model by fusing different types of data

2. Create an efficient workflow that limits the requirements of significant user inputs

4.2.2 Task 8: Methodology

To facilitate the construction of an FE model, the proposed technique first segments the point

cloud into structure components by fusing different types of data, such as images, the 3D point

cloud, depth map, and camera poses. The workflow of transforming the 3D point cloud into an FE

model follows the workflow in Figure 4.1. First, using the images, the components of the bridge

are labeled using the component identification AI network (Section 3.7). The component labeled

segmentation maps are projected onto the 3D point cloud using the pose of the cameras. After

this projection, the point cloud is segmented into the bridge’s components (i.e., girder, pier, etc.).

Working with a single component at a time, the cross-section of the component is extracted, out-

lined, and extruded to the length of the component. This process is repeated for each component

and the components are assembled together. This process generates a geometric model that can

be uploaded to a variety of FE analysis programs. To assign boundary conditions, the connection

identification AI network is used (Section 3.8) to identify connection type and location from im-

ages. The localized connections are then projected onto the point cloud to be easily referenced

while assigning the boundary conditions to the bridge model. Lastly, the typical FE analysis work-

flow is followed depending on the software used (i.e., meshing, load placement, output definitions,

and processing). In the following, this section will go into detail about each step of the proposed

technique.

Generating a Component-Wise Labeled Point Cloud

The point cloud first needs to be segmented into its components. To do this the components of

the bridge are segmented out from the raw images of the structure using the technique discussed in

Section 3.7. Using the AI network, the images taken with a UAS are passed through the network

to generate semantic labels of the components. Next, each semantic label is projected onto the
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Figure 4.1: Workflow to transform a 3D point cloud to an FE model

point cloud. The technique to project images onto a point cloud was previously developed by the

author and published in [10]. The camera poses describing the camera’s position and rotation in

global coordinates are used for this projection. They are estimated during the creation of the point

cloud with structure-from-motion and are composed of a column-vector of the camera position in

global coordinates, C, and the rotational matrix of the camera’s orientation in global coordinates,

RC (Equation 4.1). A row of 0, 0, 0, 1 is added to make the matrix square [123]. This matrix is

known and unique for each image.
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By taking the inverse of the camera pose matrix, the Extrinsic Matrix, E, is found. The Extrinsic

Matrix describes the camera’s global position at the time the images were taken. The coordinate

system of the Extrinsic Matrix is the same coordinate system defined when implementing the

structure-from-motion algorithm and is the same as the global coordinate system of the 3D point

cloud. The Extrinsic Matrix is defined by,

[

E

]

=




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RC C

0 1






−1

(4.2)

=






RT
C −RT

C ·C

0 1






4×4

(4.3)

Lastly, combining the Intrinsic Matrix (i.e., the camera parameters found through camera calibra-

tion as described in Section 3.6) and Extrinsic Matrix (i.e., the global orientation described by the

camera pose matrix), the unique Camera Matrix, P, for each image can be assembled by

[
P
]

3×4
=









fx s x0 0

0 fy y0 0

0 0 1 0









3×4

×






RT
C −RT

C ·C

0 1






4×4

(4.4)

The Camera Matrix describes the transformation from 3D global coordinates to the local 3D cam-

era coordinates described by
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Next, the points are flattened from 3D coordinates to 2D coordinates by Equation 4.6. This results

in a “point-image” in pixel units where the 2D points have the same size as the original image.

For instance, if the original image is 3,000×4,000 pixels, the projected “point-image” will be

3,000×4,000 units. Equation 4.6 solves for the x
′

1 and x
′

2 of each point and gives the final results

of the projection of the 3D point cloud to the 2D points in pixel units.
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A relationship between the pixels in an image and the 3D points in the point cloud is created.

This relationship allows for an AI-generated label to be readily projected onto the point cloud.

The result of this projection is shown in Figure 4.2. Figure 4.2a is the image taken during the

UAS inspection. Using the camera pose and camera parameters (Figure 4.2b), the point cloud

is projected into the same plane as the image plane (Figure 4.2c). Figure 4.2a and Figure 4.2c

are both in pixel units. Next, the AI-generated label image (Figure 4.2d) is overlayed onto the

“point-image” (Figure 4.2e). Since both the label image and the projected points are in pixel units,

the point cloud points are easily assigned to the labeled classes (Figure 4.2f). Once the points

are labeled, they are projected back into the 3D global coordinates (Figure 4.2g). By repeating

the process for different segmentation maps to cover the entire bridge, the point cloud is fully

segmented, as shown in Figure 4.2h. Note that the time to process the point cloud segmentation

using one segmentation map is about 1-sec with a typical office computer running a single core.

During a typical UAS-enabled inspection, an 80-90% overlap of the images is recommended [10].

Therefore, only about 20% of the image labels must be projected onto the point cloud. With about

500 images taken to generate the point cloud in Figure 4.2, only about 100 segmentation maps are

processed to segment the entire point cloud. The entire process is about 2-min. This short process

time has demonstrated the efficiency of the proposed algorithm.
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(a) (b) (c)

(d) (e) (f)

(g)

(h)

Figure 4.2: Sample process to label a point cloud using an AI-generated segmentation map and camera

pose matrix composed of RC and R; (a) Input image collected by the UAS; (b) Identified camera pose;

(c) 2D “point-image” in pixel units; (d) AI-generated segmentation map; (e) Overlay of AI-generated seg-

mentation map over the 2D “point-image” in pixel units; (f) Labeled “point-image;” (g) Reprojection of the

AI-generated segmentation map onto the full point cloud; and (h) Full component-wise segmented point

cloud from AI-generated segmentation maps
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Defining the Cross-Section of the Components

After the component label projection, the 3D point cloud becomes segmented into its structural

components and is labeled based on the AI network. With the segmented components, the next step

is to identify the cross-section of each component. It is important to work with each component

individually as the dominant direction of the component may be different for each component (i.e.,

the cross-section of a pier goes up and down while the cross-section of a girder may go left-to-

right). The steps to identify the cross-section and build the bridge’s component are presented in

Figure 4.3. First, the dominant direction of the component is found through principal component

analysis (PCA) (Figure 4.3a). Next, the point cloud is flattened along its dominant direction, and

the general shape of the cross-section is realized (Figure 4.3b). This flattened cross-section is

noisy due to the imperfect dominant direction identification and inconsistent point cloud points;

therefore, the cross-section is re-sampled by generating a histogram of the point locations. This

3D histogram technique identifies the distribution of the points along the cross-section. By setting

a lower bound of the histogram distribution, the cross-section is averaged which filters out the

outlier points. The filtered points are shown as black points in Figure 4.3b. With a filtered cross-

section, the points need to be enclosed; however, this is a nontrivial problem since the points are

not ordered. A novel technique is developed to tightly enclose the points with a set of piece-wise

functions. First, an initial set of functions is defined by using an alpha-shape (Figure 4.3c), which

is a set of linear piece-wise functions. A maximum curve length is defined which sets how tightly

the alpha-curve wraps around the points [124]. This process quickly encloses the cross-section;

however, as it is seen in Figure 4.3c, the alpha-shape does not tightly enclose the points. This is

especially evident at the corners of the structure (Figure 4.3c). Preliminary tests using only the

alpha-shape resulted in significant errors of the estimated stresses to a ground truth model (on the

order of a 50% difference). To more tightly enclose the points, the nearest neighbor of the quarter-

points of the alpha-shape line segments is identified. Specifically, each alpha-curve is linearly

sampled at the quarter points of each line segment. Then, the nearest neighbor of the filtered points

at the quarter points is found. This creates a tightly enclosed shape around the points; however,
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only the points on the outer edge are used. Therefore, the final step is to erode the shape using a

square structuring element with a size of 10 (Figure 4.3d). The erosion operation is defined as,

erosion(x, y) = min
(x′,y′):element(x′,y′) ̸=0

f (x+ x′, y + y′) (4.7)

where (x′, y′) is the size of the structuring element, f is the domain of the (x, y) points. The erosion

step shrinks the outlining shape inward so that the piece-wise function is within range of all the

filtered points. With a piece-wise function defining the shape of the cross-section, it is extruded to

the length of the component (Figure 4.3e). This process is repeated for all the components of the

bridge to define the geometry of the structure.

Compiling the FE Model

With the extruded components, the geometric model is built. The last step before the FE model

generation is defining the boundary conditions and assigning them to the model. To streamline

this process, the boundary conditions are automatically localized and categorized through the AI

network discussed in Section 3.8. The AI network generates a heat map of the connection type

and location. The heat maps are projected onto the point cloud by following the same procedure in

“Generating a Component-Wise Labeled Point Cloud” for projecting the component segmentation

maps onto the point cloud. The result of the projection of an AI-generated localized connection

map projected on the points cloud is shown in Figure 4.4. The geometric model with the localized

boundary conditions is uploaded into an FE analysis software. In this implementation, Ansys’s

SpaceClaim and Mechanical Software were used [125]. Most FE analysis software can be used

as long as they can accept a geometric model built outside the analysis program. The geometric

model was exported as an STL file which can easily handle raw, unstructured triangulated surfaces.

Once uploaded into Ansys, the geometric model was converted into a solid, meshed, and processed

following a typical Ansys workflow.
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(a) (b)

(c) (d)

(e)

Figure 4.3: Steps to go from the point cloud of a bridge component to an extruded cross-section shape: (a)

Point cloud with dominant direction labeled; (b) Flattened cross-section with raw points (blue) and filtered

points (black); (c) Alpha-shape (red line) of filtered points (black points); (d) Final cross-section outline

with nearest neighbor quarter points added and erosion performed; and (e) Extruded cross-section
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(a) (b)

(c)

Figure 4.4: Projection of the AI-generated connection location heatmaps onto the 3D point cloud: (a)

Image obtained through UAS-enabled inspection; (b) AI-generated label of connection location; and (c)

Connection location projected onto full 3D point cloud
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4.2.3 Task 8: Results

To assess the performance of the proposed technique, a concrete bridge is used as an example.

The bridge is a simply-supported bridge constructed of two precast double-T concrete girders. A

model was developed from the point cloud data using the proposed technique and was meshed

and analyzed with Ansys. The model was then scaled in the x-, y-, and z-directions to ensure

proper sizing of the model. Since the purpose of this study is to prove the concept of building

an accurate solid FE model using the point cloud, the modeling of rebars and pre-tension might

not be necessary and thus is omitted. The developed geometric model is shown in Figure 4.5.

A ground-truth model was manually built using the typical procedure to build an as-built model

to compare the proposed technique to traditional FE modeling techniques. To build the ground

truth model, manual measurements of the bridge were taken from the field, and a solid geometric

model was created in SpaceClaim, as shown in Figure 4.5a. Since the space between the double-T

girders is not entirely visible by the UAS-enabled camera (see the limits of the black points at

the bottom of the cross-section in Figure 4.3c), the proposed technique was not able to outline

the space between the double-T girders (Figure 4.5c). Although this error could have easily been

corrected in SpaceClaim, it was not to test the error of the proposed method with as little user input

as possible. To provide a comparison basis that more closely resembles the geometry resulting

from the proposed technique (Figure 4.5c), a second ground truth geometric model was also built,

where the two center webs of the bridge girder were combined into one larger web (Figure 4.5b).

(a) (b) (c)

Figure 4.5: Geometric model comparison for proposed workflow: (a) Ground truth geometric model; (b)

Ground truth geometric model with center infill; and (c) Geometric model built with the proposed technique

from the point cloud
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With the geometric models built, the FE analysis was performed. The same material prop-

erties, boundary conditions, loads, and meshing technique were used on all three models. The

normal stress, Von Mises stress, and total displacements were measured and are shown in Fig-

ure 4.6, Figure 4.7, and Figure 4.8, respectfully. A comparison of the results is listed in Table 4.1.

The time to build the ground truth model from the field measurements took about twice as long as

implementing the proposed technique from the geometric component models in this study. In gen-

eral applications, this time difference could vary depending on the complexity of the structure, the

user’s skill, and the familiarity with the software. Note that when comparing the processing time,

the steps to assign boundary conditions and loads, define the mesh, and perform the analysis were

not included in the timing since these steps were the same for both techniques. To build the ground

truth model, significant field measurements were needed and significant model manipulation was

required. However, to build the FE model with the proposed technique, it was only required to

convert the geometric models to a solid, which is straightforward in Ansys, and assemble the com-

ponents. From Table 4.1, the model built with the proposed technique consistently has a slightly

stiffer performance compared to the other two models. The model built with the proposed tech-

nique was still able to get maximum normal stress with about a 30% difference from the ground

truth model and about an 8% difference from the ground truth model with center infill. This dif-

ference is expected as the point-cloud-generated FE model has additional mass compared to the

ground truth models, as seen in Figure 4.9. Table 4.1 shows that the error in modeling the space

between the double T girders contributes more to the total modeling error, suggesting that man-

ually correcting this geometric error in SpaceClaim might be needed. The proposed technique’s

model differs from the second ground truth model because the structure’s lines and edges are not as

neat. This difference is due to the noise of the points in the point cloud, which results in additional

material. The mass difference is seen in Figure 4.9b with the model generated with the proposed

technique being slightly larger. This modeling error can easily be controlled by supplementing the

point cloud data with additional control measurement points. However, depending on the level of
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fidelity of a model that is needed, the bridge manager can choose if this additional fine-tuning is

required for the bridge.

Table 4.1: Comparison of the results of the three tested models

Max Normal

Stress (MPa)

Von Mises Stress at

Center Point (MPa)

Max Deform.

(mm)

Ground Truth Model 5.60 - 4.79 - 1.08 -

Ground Truth Model with Center Infill 4.31 (26.0%) 4.29 (11.0%) 0.861 (22.6%)

Model Built with Proposed Technique 4.00 (33.3%) 3.88 (21.0%) 0.824 (26.9%)

∗Numbers in parenthesis represent percent difference from ground truth model

Conclusions

A novel workflow to transform point cloud data into a solid model for FE analysis is proposed.

By fusing together AI-generated component segmentation maps and connection locations with a

structure-from-motion-generated point cloud, an FE model was automatically built with Ansys.

There is a significant user-input reduction from the proposed technique compared with traditional

methods to develop an “as-built” FE model. The percent difference from the ground truth model

was on the order of 30%, and an 8% difference was achieved when compared to the ground truth

model with the center infill. The sources of errors were analyzed, providing the user with informa-

tion to fine-tune the model based on the desired level of fidelity for different use cases.

4.3 Task 9: Surrogate Modeling

4.3.1 Task 9: Motivation

Surrogate modeling is incorporated into the model library of the DT to improve computational

efficiency and facilitate rapid decision-making. A proposed surrogate model to be used identifies

the stress intensity factor of a steel crack. The process of constructing the surrogate model is

discussed in this section. The proposed surrogate model has been published in [10]. After first
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(a)

(b)

(c)

Figure 4.6: Normal Stresses from the FE Analysis: (a) Ground truth geometric model; (b) Ground truth

geometric model with center infill; and (c) Geometric model built with the proposed technique
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(a)

(b)

(c)

Figure 4.7: Von Mises stress from the FE analysis: (a) Ground truth geometric model; (b) Ground truth

geometric model with center infill; and (c) Geometric model built with the proposed technique
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(a)

(b)

(c)

Figure 4.8: Total deformation from the FE analysis: (a) Ground truth geometric model; (b) Ground truth

geometric model with center infill; and (c) Geometric model built with the proposed technique
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(a) (b)

Figure 4.9: Comparison of geometric models; Blue model in background is the geometric model developed

with proposed technique: (a) Comparison to ground truth model; and (b) Comparison to ground truth model

with center infill

introducing the topic of stress intensity factors, the methodology and results of the surrogate model

are presented. A full case study implementing this surrogate model is examined in Chapter 5.

With only the data analytics of pixel-level damage, the full potential of the AI platform still

cannot be realized in practice due to the lack of sufficient information needed to take immediate

action. The executable actions regarding repairs and maintenance require critical information of

crack mechanism and proper assessment of the potential for fatigue crack propagation and brittle

fracture, which cannot be directly informed from a detected crack in an image. One of the key

engineering terms used for fatigue and fracture assessment is the stress intensity factor, K, which

describes the stress field ahead of a crack tip. Extensive studies have been conducted over the

past few decades on developing closed-form solutions for K for different crack shapes in different

geometrical specimens (i.e., surface cracks, penny cracks, etc.) [126]. For complex crack shapes

and specimen geometries, researchers have relied on high-fidelity FE models of the structure and

cracks [127], which limits its application in routine inspection and structural assessment despite its

usefulness.

To enable rapid assessment of steel structures and fully utilize the advantages of AI, a highly

efficient and automated steel structure assessment scheme to estimate the stress intensity factor by

integrating the defect detection analysis (discussed in Section 3.2) with a surrogate model based

on fracture mechanics. The dimensional information (i.e., crack length and angle of a kink) of a

crack is automatically extracted from the identified cracks using computer vision techniques, and
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the nominal stresses (i.e., normal stress and shear stress) of a structure are obtained through either

field monitoring, the FE model discussed in Section 4.2, or design loads. Next, a Kriging surrogate

model for estimating the stress intensity factors, K1, and K2, for crack Mode I (opening) and

Mode II (sliding), respectively, is established using K values obtained through FE simulations

using linear elastic fracture mechanics (LEFM). In the end, the stress intensity factors can be

readily estimated using the surrogate model. The proposed workflow bypasses the need for a

high-fidelity FE model for calculating the stress intensity factors, thus facilitating rapid and easy

applications in practice. The main advantage of this workflow is that it allows an inspector to

assess the steel crack mode and estimate the propagation of a crack from inspection images using

a data-driven, ML approach instead of the traditional technique of a human expert in steel fatigue

and fracture. With the proposed workflow, the preliminary decisions on effective actions regarding

structure conditions, repairs, and maintenance can be achieved on-site at a low cost. The proposed

surrogate model has been published in [26].

Objectives

1. Develop a surrogate model to estimate the stress intensity factor of a steel crack

2. Fuse data within the DT together to assess the state of the structure

4.3.2 Task 9: Methodology

This section will first examine the inputs needed for the model and the compilation of the

stress intensity factor database built with 4,000 FE model simulations. The proposed surrogate

model fuses together a variety of data available within the DT. In particular, the surrogate model

will take four parameters as inputs (i.e., 1) crack length, a, 2) kink length, s, 3) the angle of the

kink, α, and 4) nominal stress ratio, σ/τ , based on the analysis of Melin et al. [128]) and predict the

Mode I and Mode II stress intensity factors. Inputs 1, 2, and 3 (listed above) come directly from

the binary segmentation images generated in Section 3.2, and input 4 comes from the FE model

discussed in Section 4.2. To extract inputs 1, 2, and 3 from the binary label, an image processing

technique, direct linear transformation (DLT), is performed by knowing some initial distance in
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the images (i.e., from the scaled point cloud or distances obtained using the methodology for 3C

dynamic measurements discussed in Section 3.6). An example output from the extraction of the

input parameters from an image is shown in Figure 4.10. An efficient surrogate model is trained and

then used for the prediction of the stress intensity factors to alleviate the computational challenge

and the need for running separate FE analyses. To gather the data needed to train the surrogate

model, a database of FE model simulations is assembled by running the FE model under different

combinations of parameter values.

(a)

Angle 1: 30.0°

Angle 2: 34.8°

Distance 1: 330.1 pixels

Distance 2: 280.9 pixels

Distance 3: 70.4 pixelsCrack Pixel Points
Fitted Line

(b)

Angle 1: 30.0°

Angle 2: 34.8°

Distance 1: 1.84-in

Distance 2: 1.57-in

Distance 3: 0.39-inCrack Pixel Points
Fitted Line

(c)

Figure 4.10: Crack mapping results from labeled crack image with the dimensions drawn on image: (a)

Original crack; (b) Mapped crack in pixel-lengths; and (c) Mapped crack in engineering units

With the inputs identified to compile the stress intensity factor database and build the surrogate

model, an FE model was developed to measure the Mode I and Mode II stress intensity factors

based on the four input parameters. First, since the calculation of the stress intensity factors is

a direct factor of the nominal normal stress, σ, and crack length, a, a normalized stress intensity

factor was used,

Knorm =
K
(
s
a

)

τ
√
πa

(4.8)

Abaqus FE analysis (FEA), which is a general-purpose FE software [129] was implemented for

the elastic analysis to directly calculate the Mode I and Mode II stress intensity factors and later

converted to the normalized stress intensity factor. A 2D Steel plate model with dimensions of
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100-in×80-in, modulus of elasticity of 29,000-ksi, and Poisson’s ratio of 0.30 was used for the

analysis. Two simpler crack orientations were tested to validate the Abaqus FEA model: horizontal

and slanted. A normal stress, σ, of 10, 20, 30, 40, or 50-ksi, a crack length, a, of 2, 4, 6, 8, or 10-in,

and a slant angle, θ, of 0, 15, or 40◦ were applied. The stress intensity factors obtained from the

75 Abaqus FEA models were validated against the closed-form solutions [126]. The mean percent

error of the Abaqus FEA model’s stress intensity factor to the closed form stress intensity factor

solutions is 1.79% and 1.58% for Mode I and Mode II, respectively; therefore, the established

Abaqus FEA model can be used with confidence.

With the general FE model validated, samples are generated to encompass a large range of

crack dimensions and nominal loading. The four parameters (s, a, α, and σ/τ) were sampled using

the Latin-Hypercube sampling technique. The ranges for s/a, and α were found using the images

from the dataset and set to 0.01-8.02 and 0-90◦, with increments of 0.008, and 0.09, respectively.

The range for the stress ratio, σ/τ was set with typical values of stresses in steel. For rolled beams,

the shear stress is typically lower than the normal stress due to the thicker webs; however, for

plate girders, the shear stress can be higher. Therefore, the range of the stress ratio, σ/τ , was set

to 0.2 - 10 with increments of 0.01. The normal stress, σ, remained constant at 50-ksi and the

shear stress, τ , was found from the sampled stress ratio. Since the tests were performed with the

linear elastic assumption, a change in the nominal normal stress does not affect the normalized

stress intensity factor. This was verified in a preliminary validation test of the normalized stress

intensity factors where the nominal normal stress was varied, but the input parameters remained

constant. Moreover, since the normalized stress intensity factor, Knorm, is a function of the crack

length, a, a preliminary study suggested there was about 10% mean error in Knorm, when a was

changed; therefore, a was also sampled as either 2, 1, 0.5, or 0.25-in. 1,000 samples were collected

at each crack length where the crack length remained constant and the dimension ratio, s/a, and the

resulting s varied for a total of 4,000 samples. A Python script was written to run the 4,000 models

of the 2D plate and measure the stress intensity factors. The outputs for Mode I and Mode II stress

intensity factors are shown in a 3D scatter plot in Figure 4.11a and Figure 4.11b, respectively, and
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were saved as the stress intensity factor database and used for the training of the surrogate model.

A sample output of the FE model simulations is shown with Von Mises Stresses in Figure 4.12.

(a) (b)

Figure 4.11: Stress intensity factors as a function of s/a, σ/τ , and α: (a) Normalized Mode I stress intensity

factors; and (b) Normalized Mode II stress intensity factors

With the input parameters defined and the resulting stress intensity factor database built, a

surrogate model was trained using the database. A Universal Kriging model with a second-order

regression model and Gaussian correlation function was adopted. The Kriging model was chosen

due to its robustness for interpolation and its ability to estimate the uncertainty associated with

each prediction. The DACE toolbox [130] in MATLAB was used to build the Kriging model. A

separate validation set with 500 samples was generated to check the prediction accuracy of the

established Kriging model. To measure the performance of the Kriging Model, two metrics were

measured on the validation set, the coefficient of determination, RD2, and the mean percent error,

ME, were used based on [131].

RD2 = 1− SSE

SST
(4.9)

where,

SSE =
N∑

p=1

(
yp − ŷp

)2
; SST =

N∑

p=1

(

yp −
N∑

p=1

yp

N

)2

(4.10)
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(Avg: 75%)
S, Mises

  1
 61
121
181
241
300
360
420
480
540
600
660
719

(a)

(Avg: 75%)
S, Mises

 12
 58
104
150
196
242
288
334
380
426
472
518
564

(b)

(Avg: 75%)
S, Mises

  0
 47
 95
142
189
237
284
331
379
426
473
521
568

(c)

Figure 4.12: Sample FE model simulations of the stress intensity factors with Von Mises stress shown: (a)

Sample 1: a = 1.0-in, σ/τ = 1.64, s/a = 5.47, α = 55.08◦; (b) Sample 2: a = 2.0-in, σ/τ = 5.20, s/a = 2.48, α
= 11.97◦; and (c) Sample 3: a = 2.0-in, σ/τ = 9.69, s/a = 7.54, α = 75.06◦

ME =

∑N

p=1

∣
∣yp − ŷp

∣
∣

∑N

p=1

∣
∣yp

∣
∣

(4.11)

where, ŷp is the estimation from the model and yp is the true value from the pth FE model sim-

ulation. Each metric can be taken in an average sense across the two stress intensity factors, K1

and K2. The corresponding metrics are denoted ARD2 and AME. Note that for the coefficient of

determination, ARD2, values closer to 1 indicate better performance of the Kriging model, while

for the mean percent error, AME, values closer to 0 indicate better performance.

4.3.3 Task 9: Results

High performance of the Kriging Model was achieved with an ARD2 of 0.99998 and AME

of 0.23%. The true value versus the predicted stress intensity factors for Mode I and Mode II are

shown Figure 4.13; the coefficient of determination, RD2, and mean percent error, ME, for each

mode are also shown. Figure 4.14 shows two 3D surface plots of the Mode I and Mode II stress

intensity factors from the Kriging models; to plot the Kriging Model, s/a was set to 7.66, and the

four testing data points that had the same s/a are shown as gray points on the curves.
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Figure 4.13: True versus the predicted stress intensity factors for Mode I and Mode II: (a) Normalized

Mode I stress intensity factor; and (b) Normalized Mode II stress intensity factor

(a) (b)

Figure 4.14: Kriging model surface plot at s/a = 7.66 with testing data points shown as gray points: (a)

Normalized Mode I stress intensity factor; and (b) Normalized Mode II stress intensity factor
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4.4 Summary of Model Library

In this chapter, two types of models within the model library are proposed. First, an FE

model was automatically built using UAS remote-sensing data and compared against a ground

truth model. A surrogate model to estimate the formation mode of a crack in steel was also pro-

posed to assess the structure’s current state. Although the two proposed models do not represent

all the available models that can be used within a DT, they do demonstrate how different data

can be used and fused to demonstrate the current state of the structure (stress intensity factor sur-

rogate model in Section 4.3) and allow for simulation of the structure (FE model generation in

Section 4.2). As a note, data-driven models (i.e., AI models) are also incorporated into the DT;

however, they are used in the data analysis module (Chapter 3) to identify the defects, components,

and connections.
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Chapter 5

Discussions on the Application of a Digital Twin

Framework

5.1 The Use of a Digital Twin

This section discusses how each module within the DT can be used and implemented for perfor-

mance assessment and decision-making. Information from the data analytics module (Chapter 3)

and the model library (Chapter 4) can be incorporated together to provide decision-making sup-

port. One of the benefits of using a DT over traditional bridge management practices is its ability

to analyze and fuse data together to allow bridge managers to make more informed decisions. To

illustrate the benefits of DT via vivid discussions, two virtual illustrative examples that incorporate

all the aspects of a DT are used to show the potential use of the DT. Specifically, this chapter is di-

vided into two sections to discuss the application of a DT using a virtual steel and concrete bridge.

This section will step through the processes of collecting, analyzing, and interpreting the collected

data of the bridges using the two virtual bridge examples. Lastly, a summary is presented.

Objectives

1. Provide two full examples to show how to fuse the different data types within the DT for

steel and concrete bridges

2. Explore the use of the DT to facilitate decision-making

5.2 Workflow for a Steel Bridge

5.2.1 Performance Assessment for a Steel Bridge

First stage assessment: Assume that the virtual steel structure has a concerning crack that needs

to be repaired. The workflow of DT is illustrated assuming the data is obtained from a recurring
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inspection. To begin the workflow of the DT analysis, a UAS-enabled inspection is performed on

a steel structure. 3,000 16-MP images are collected from various viewpoints around a steel bridge

and 20-minutes of video is collected as traffic drives across the structure with the dual stereo vision

camera rig. Then the preliminary data analysis starts by generating visualization models using the

structure-from-motion algorithm. The resulting 3D point cloud and photorealistic models provide

the basis for the user to visualize the DT. During this step, the camera’s poses and depth maps are

calculated. Then, more in-depth data analysis can be conducted. Specifically, the defects are iden-

tified through machine learning (Section 3.2). Since this is a recurring inspection, the growth of

the defects is measured (Section 3.3). The dimensions of the defects and the growth of the defects

are measured using stereo vision or by relating the scale from the structure-from-motion camera

pair (discussed in Section 4.3). Using the proposed AI network, the components and connections

within the bridge are identified by fusing the original color images from cameras and depth images

generated from the 3D point cloud. These segmented images are then projected onto the 3D points

resulting in a component-wise 3D point cloud. With the identified structural components and cam-

era poses, the damage information and other data (i.e., design loads, ADT, NDE results, etc.) are

mapped onto the identified components and stored within the DT to facilitate data visualization.

For example, selecting a component or damaged location on the visualization model displays all

the information about the component or damage. Additionally, the video collected from the four

optical cameras is processed, and the 3C dynamic displacements are measured. Next, by fusing

the 3D point cloud, connection identification, and component segmentation information together,

the FE model is automatically generated (Section 4.2). Using the measured dynamic displacement

and identified damage information, the automatically built FE model is updated and validated.

Second stage assessment: With the aforementioned first stage processing completed, the bridge

manager now has quantitative damage information which is advantageous over existing bridge in-

spection techniques. By utilizing the model library, however, more information about the struc-

ture’s health can become available to inform the decision-making, which is described below. Dur-

ing the defect detection analysis of this virtual bridge, there was a crack detected on a steel member
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from the first stage analysis. Fusing the data of the defect’s dimension and the stress of the mem-

ber found with the automatically built FE model, the information is passed through the surrogate

model of the stress intensity factor to quickly find the K values and dominant Modes of crack

formation without the need for a high-fidelity FE model. The Mode I stress intensity factor, KI , is

compared to the critical stress intensity factor for Mode I (KIC). At this point, the bridge manager

knows how critical the steel crack is in the steel member. The K factor, mapped damage informa-

tion, and as-built FE model empower the bridge manager to better understand how the structure is

performing at its current state. As discussed in the following section, the bridge manager is able to

use this information to make more informed decisions. The time and user-input requirements for

the steel bridge assessment are shown in Table 5.1.

Table 5.1: Time and user-input requirements for steel structure

Time User-Input

Data Collection 1-day Significant

Data Analytics

Defect Detection 3.2-hours Minimal

Defect Growth minutes Minimal

Measurement of Defects minutes Median

Component Identification 3.5-hours Minimal

Connection Identification 1-hour Minimal

3C Dynamic Displacement Measurements 1-hour Minimal

Model Library

Visualization Models Creation 5-hours Minimal

FE Model Generation 0.5-hours Median

K Estimation (Surrogate Model) minutes Minimal

Decision Making

Mapping Defect to FE Model minutes Minimal

Validating FE Model minutes Minimal

Simulating Repair Options hours Median
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5.2.2 Decision Making for a Steel Bridge

With a more holistic representation of the structure’s current condition, the DT is used to help

the bridge manager make decisions on whether a repair is needed of the steel crack, how soon

repair is needed, and what repair option is the most cost-effective over time. First, comparing the

measured Mode I stress intensity factor to the critical Mode I stress intensity factor, KIC , the crack

is nearing critical. Using the Paris’ Equation (Equation 5.1), the number of cycles remaining until

failure is estimated,

da

dN
= C (∆K)m (5.1)

where da
dN

is the change of crack length over cycles, C and m are deterministic material property,

∆K is the change of stress intensity factor from minimum and maximum stresses applied [132].

With Equation 5.1, the number of cycles until failure is estimated. Also, the ∆K variable rep-

resents the stress range of the member; therefore, a load rating can be placed on the structure if

needed to alleviate the need for a structure closure. In this structure, it was determined that a load

rating would bypass the need for closure; however, after 3-months, the structure needs to be closed.

The as-built FE model in DT is then used to simulate repair decisions and predict which type of

repair would be the most effective for the structure. Three options are automatically identified to

repair the defect based on previous and known repair options: drilling a hole at the tip of the crack,

welding the crack together, and welding a plate over the crack. Each option is tested within the FE

model to predict how the structure will perform in the future and the additional effects the repair

will have on the structure. In addition, a cost-benefit analysis is performed to identify the most

efficient repair option over time within the DT. The best repair option can be identified, and the

bridge manager reviews the options and decides on the best practice. Because such a significant

crack was identified, the next inspection is scheduled to take place soon after the repair. The data

and models are stored within the DT. If the structure performs how the DT predicted after the re-

pair, then the DT is used more confidently. Relying on the simulated performance of the structure

from the DT, the inspection interval can be determined.
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5.3 Workflow for a Concrete Bridge

5.3.1 Performance Assessment for a Concrete Bridge

Assume that the virtual concrete bridge is in satisfactory condition and is undergoing a routine

inspection. The performance assessment of the concrete bridge is similar to the “First stage assess-

ment” of the steel bridge as detailed in the previous section. In the entire data analysis procedure,

only minimal user inputs are required for model initiation and output verification, and it is mostly

fully automated. The time and user input requirements for this concrete bridge are presented in

Table 5.2. The data processing burden for the inspector and crew is reduced. Compared to tradi-

tional inspection techniques, the proposed framework requires more computing time; however, the

algorithms can run autonomously or be left overnight, thus drastically reducing report generation

time for the inspector.

Table 5.2: Time and user-input requirements for concrete structure

Time User-Input

Data Collection 1-day Significant

Data Analytics

Defect Detection 3.2-hours Minimal

Defect Growth minutes Minimal

Measurement of Defects minutes Median

Component Identification 3.5-hours Minimal

3C Dynamic Displacement Measurements 1-hour Minimal

Model Library

Visualization Model Creation 5-hours Minimal

FE Model Generation 0.5-hours Median

Decision Making

Reviewing Data Analytics Results minutes Minimal

5.3.2 Decision Making for a Concrete Bridge

After data analysis is performed on the concrete structure, the structural elements, defects,

and defect growth are identified and mapped onto the structural components of the DT. An in-
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spector performs a quality control assessment afterward to ensure the proper performance of the

algorithms. Additionally, system identification is performed on the bridge using the 3C dynamic

displacement measurements. In the case of the second inspection instance of the bridge using the

proposed framework, the collected data can be compared to the previous data more cohesively and

accurately. The previous data, including the images, quantified defect information, and measured

system identification parameters is also accessible to the inspector to make more informed deci-

sions. The steps to maintain the structure are determined with the additional information available

to a bridge inspector or manager. There was minimal defect growth from inspection to inspection;

therefore, a typical inspection cycle is decided on the structure with high confidence. The bridge

was determined not to have any severe issues. If determined to be needed by an inspector, the FE

model module is readily available in the DT to facilitate decision-making in the daily operation of

the bridge, such as load ratings.

5.4 Summary of the Application of the Digital Twin Frame-

work

Two virtual bridges were used to discuss the potential usage of the DT. First, for the steel bridge,

a crack can be identified in the steel structure through the defect detection module of the DT. Using

the DT, an “as-built” FE model was generated and validated. Three repair options for the defect

were simulated on the FE model of the DT. Ultimately, the bridge manager quantitatively reviewed

how critical the defect was and was empowered to take immediate action on the structure. With the

results of the FE simulations, the cost/benefit analysis of the repairs, and a prediction estimation

on when the crack reached a critical level, the bridge manager was able to decide on the best

course of action on the defect and plan accordingly. In the next inspection cycle of the bridge, the

performance predictions of the FE simulations are validated to ensure the structure is performing

as expected and the DT can be updated to ensure it evolves with its physical twin. In the example

of the concrete bridge, it was determined to not have significant issues. However, quantitative

information was collected and stored so that more informed decisions can be made during the
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present and future inspections. Additionally, an FE model can readily be built automatically and

used for load rating.
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Chapter 6

Conclusions

6.1 Summary

A comprehensive DT framework was proposed to incorporate various metrics to assess the

current state of a bridge, model future performance, and provide decision-making support. The

proposed DT framework mainly includes a data analytics module and a model library. First, the

data analytics module was proposed to process remote sensing data from a UAS. Within this mod-

ule, the cracks on structural members were able to be segmented from the images, and the growth

of the cracks was tracked over time. Three techniques were presented to measure the dynamic

displacements of objects with cameras attached to a UAS. The most advanced technique can accu-

rately capture the 3C dynamic displacements of full-scale structures. Lastly, two AI networks were

developed to semantically segment the components of the bridge from images and localize the con-

nections for both steel and concrete bridges. Using the data obtained from the analytics module,

two models were proposed within the model library: (1) an automatically built FE model and (2)

a surrogate model to predict the stress intensity factor. For (1), by fusing images, depth maps, a

3D point cloud, semantic component labels from images, and connection identification from im-

ages, an FE model was automatically generated with little user input. For (2), the semantic crack

identification labels and measurements as well as data from FE analysis were fused to develop a

surrogate model to efficiently estimate the Mode I and Mode II stress intensity factors. Lastly, a

discussion was presented on implementing and utilizing DTs for steel and concrete bridges.

6.2 Contributions

The research performed and proposed in this paper will provide the following contributions to

the research community:
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1. Identifying cracks in steel structures and measuring defect growth: Although there is

literature on identifying cracks in concrete (partly due to the availability of datasets and the

wider and longer dimensions of the concrete defect), much less research has been identified

to semantically segment the location of cracks in steel structures. This research proposed an

AI network to semantically segment cracks in steel structures. The geometric features, such

as length, kink angles, etc. have also been automatically extracted from images. Moreover,

with the proposed automated and quantitative techniques to identify defects, the ability to

track the growth over time becomes possible which few researchers have explored (mainly

due to available data over time).

2. 3C dynamic displacement measurements with a UAS: Much of the current research of

measuring displacement with a UAS mainly focuses on either the 1C measurements (i.e.,

depth) or the 2C measurements (i.e., planar to the camera). Although there are a number of

sensors available (mainly for human-computer interactions with a computer), there are many

limitations to using these sensors for dynamic structural displacements. A portable UAS

platform that is able to measure the 3C displacements of many bridges with one platform in

a cost-effective manner is currently unavailable. This study fills the research gap.

3. Constructing an FE model automatically with information collected with a UAS: Cur-

rently, there is no automated framework that requires little user input to build a FE model

from point cloud data for bridges. By fusing two AI models (i.e., component identification

and connection identification) with computer vision techniques, the automated construction

of an FE model was realized in this study.

4. Stress intensity factor estimation of steel cracks in a computationally efficient manner

using images of steel cracks: While estimating the stress intensity factor and crack mode

type would enable more informed decision-making, it typically requires a high fidelity FE

model for complicated crack geometries which is time- and resource-consuming in practice.

By identifying the steel cracks from images with AI and building a database of steel crack
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geometries and nominal stresses through FE simulations, a surrogate model is established

to estimate the stress intensity factor directly from the images in a more efficient manner.

Keep in mind that the stress intensity factor indicates the crack formation modes, and thus

can inform the appropriate type of repair. The proposed surrogate model allows for the

availability of critical information on the stress intensity factor at a low cost to better support

decision-making.

5. Streamlined modeling: There are a variety of models that bridge managers can use to

understand a structure; however, gathering the required data and building the model may be

too cumbersome for many DOTs. Within a DT, data for these models are readily available

(i.e., either the raw data directly from remote sensing or the analyzed remote sensing data

found in the data analysis section). Models and data processing tools (such as the three

models proposed in the model library) have been incorporated into the DT and allow for a

more streamlined processing of the data for data-driven decision-making which is currently

a barrier for DOTs to utilize the models.

6. Automatically building a Digital Twin with UAS-enabled optical sensors: Currently,

there is no centralized portal for structural analysis, modeling, assessment, and simulation.

This study has filled this gap by proposing a first-of-its-kind DT. The proposed workflow to

establish DT requires, at a minimum, UAS-enable images (or videos) of bridges, which can

be very cost-effective for stakeholders, such as state DOTs.

7. Facilitate decision-making and structural assessment: While on average, current inspec-

tion techniques, reporting, and decision-making for structures have been established, there is

still room for a more efficient and streamlined decision-making process. Currently, decisions

are made in a more ambiguous environment. Providing a DT for assessments, predictions,

and simulations allows for a more data-driven approach to structural asset management.

Bridge managers can perform “what-if” simulations on a specific structure in a more effi-

cient manner which is currently time-consuming and costly.
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6.3 Future Directions

1. Increase pixel accuracy of 3C displacement measurement: Although a high accuracy of

3C displacement measurements was possible with the proposed UAS-enabled dual stereo vi-

sion system, to increase the practicality in the field, an even longer working distance between

the cameras and the structure might be needed for very large-scale structures. Theoretically,

a longer working distance is possible with the proposed technique if better cameras are used.

By using higher-performing cameras, which in turn have a similar GSD but at a longer dis-

tance, a similar accuracy as in this study can be achieved. This proposal needs to be explored

and validated. Moreover, there are other post-processing techniques to help improve the per-

formance of cameras such as super-resolution and super-sensitivity which may be able to

artificially increase the resolution of cameras. These post-processing techniques also need

to be explored.

2. Incorporate additional models within model library: An advantage of the proposed DT is

the ability to collect and run different models depending on the situation and structural need.

Additional models can be incorporated into a digital twin. Building and/or training these

models would make the digital twin framework even more versatile and robust. Additional

model types can still be explored and studied. Some proposed model types are listed below.

(a) Deterioration models: A model to predict the growth of a defect over time (i.e., crack,

section loss, corrosion, shrinkage, etc.). Inspection data (from the “Data Analytics”

section) will be incorporated to update these deterioration models and improve pre-

diction accuracy. The engineering judgment by experts could also be incorporated

into these model predictions to determine the likelihood and consequences of different

damage modes.

(b) Inspection interval model: A decision framework could be developed to select an

inspection interval by integrating information from deterioration models, inspection

data, and expert judgment using a Bayesian framework.

145



(c) Cost/Benefit Analysis: Incorporating historical data, a cost-benefit model could be

developed within the DT to help determine repair options for a structure automatically

or determine if replacement is the better long-term solution.

3. Fusing different data types: In this study, only images and videos collected with a UAS

and load data were used to build and develop the DT. However, a variety of data can be

collected, stored, and processed within a DT. These additional data types (i.e., average daily

traffic, NDE techniques, weather, etc.) can be incorporated within a DT to provide an even

more holistic overview of a structure.

4. Evolve the DT over time: This study illustrated two digital twins for concrete and steel

bridges and how an inspector or bridge manager could use the data to make more informed

decisions in the discussion chapter. However, real-world implementation and evolution of

DT have not been tested with real data. A longitudinal study on how to continuously incor-

porate and implement new data into the DT can be explored more.

5. Increase labeled data sets of all AI networks: The proposed AI networks have shown

strong performance metrics. However, with additional labeled data, the proposed AI network

can be updated to perform more robustly on a variety of structures and structural types. Once

more labeled data is available, the models can be easily updated. Eventually, human input

might not be needed anymore.
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