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Abstract

This work extends the application of intelligent transportation systems (ITS) to

the field of structural health monitoring (SHM) for bridge infrastructures and de-

velops a virtual reality (VR) platform as a technology accelerator. In the proposed

SHM method, video recordings of traffic are captured using traffic cameras and pro-

cessed using a combination of YOLO and Deep SORT models, along with projective

mapping, to extract the time history of vehicle tire locations. This step, referred to

as traffic tracking, predicts the points at which traffic loads excite the bridge. This

information is integrated with the bridge’s vibration response and the finite element

(FE) model to develop a digital twin of the bridge. The necessary models for the

traffic tracking component are trained using Google Open Images and tested in a

VR environment that simulates traffic on a roadway with installed cameras. Utilizing

VR instead of real-world tests significantly accelerates technology development. After

achieving promising results in the VR environment, the prototype of the proposed

technology has been developed and deployed on a real-world bridge.
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Chapter 1

Introduction

America’s bridge infrastructure, which is a vital component of its transportation

network, is aging and deteriorating. With over 600,000 bridges across the U.S., nearly

40% are 50 years or older. In 2019, one in 13 bridges were structurally deficient and

at the current rate of improvement, it is estimated to take more than 50 years to carry

out all the repairs that are currently necessary. Replacing or rehabilitating such a

vast number of bridges cannot be done quickly. As a result, structurally deficient

and outdated bridges will continue to be in use for an extended period. To ensure

public safety, it is essential to develop techniques and solutions for operational bridge

monitoring, providing actionable information to guide maintenance and rehabilitation

decisions.

Traditionally, various methods have been employed for monitoring bridge struc-

tures. Among these, non-destructive evaluation method [58, 78] is the most prevalent

due to its high resolution for damage localization [11]. However, widespread adoption

of NDE faces significant challenges due to its high cost, labor-intensive nature, and

inevitable traffic disruption [66]. With the increasing number of aging bridges [95]

and according to American Society of Civil Engineering (ASCE) guideline, it is a need

for introducing new methods for operational health monitoring of bridges. These new

methods should be technology-based, cost-effective, and involve minimal installation

and traffic disruption.

Over recent decades, digital twinning using output-only time-domain finite el-

ement (FE) model updating has become a valuable tool for damage localization of
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civil structures as a cost-effective with minimal installation load work approach [23,

51, 84]. This method employs physics-based models and structural measurements,

combined with stochastic filtering approaches like Bayesian inference, to estimate

unmeasured input excitation and model parameters reflecting the health status of

structure. Bayesian output-only time-domain FE model updating has been success-

fully applied to structures subjected to unknown temporal input histories at known

invariable locations, such as earthquake and wind loads [20, 30, 65, 88]. However,

its application for operational health monitoring of bridges is challenging due to the

spatial and temporal variability of traffic excitation. Temporal variability arises from

interactions between vehicle suspension systems and bridge dynamic systems, road

roughness, tire assemblies, and driveline excitation [32]. Spatial variability results

from vehicle movements along the bridge.

Recent advancements in artificial intelligence and computer vision techniques

present promising solutions to the challenges of digital twinning for operational health

monitoring of bridges [13, 38, 56]. It is now feasible to capture video recordings of

traffic and use them to classify vehicles and track the footprints of their tires on

bridge decks. This study proposes utilizing detection, classification and tracking

algorithms to estimate the static weight and spatial variability of traffic load on

bridge. This data serves as input for the bridge digital twinning process. During

this process, the tire history of the dynamic load of traffic as well as the damage

status of bridge are determined. The identified damage status of bridge is used for

asset management and maintenance of structure, while the traffic tracking data and

dynamic load estimates can be used to improve intelligent transportation systems

(ITS) through traffic management and weight in motion.

In the proposed method of this study, networks of traffic camera and accelerom-

eters are installed on the bridge to collect video recordings of traffic traversing on

the bridge and the resulting vibration response of the bridge. By implementing the

proposed traffic tracking algorithm, a sequence of You Look Once (YOLO) [77] and

Deep Simple Online and Real-Time Tracking (Deep SORT) [96] models are used to
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estimate the class of vehicles and time history of the location of their tires. Using

perspective transformation, the tracked tire locations are converted from pixel coor-

dinates to a world or FE model coordinate system. This information is then fused

with vibration data and used as input for the digital twinning process.

This study focuses on the development and evaluation of the computer vision

component for tracking the time history of the location of tires. This step is referred

to as the traffic tracking technology component. To achieve the goal of this study,

a virtual reality (VR) [41, 59] testing platform is developed using Unity [91] which

significantly accelerates technology development by accurately simulating roadway

test scenarios for system components under evaluation. In this platform, the bridge

roadway is simulated and equipped with a network of cameras. As the traffic traverses

the simulated bridge road, the VR platform records the view of cameras as well as

the ground truth time history of tire locations as in a world coordinate system. The

recorded videos are then processed using the proposed traffic tracking algorithm to

track tire locations in the world coordinate system. By comparing the estimated

locations with the ground truth data, the performance of the proposed traffic tracking

algorithm is evaluated. Additionally, this method is assessed in a real-world setting by

instrumenting the East Yutan (EY) [68] bridge in Nebraska with networks of traffic

cameras. Unlike the VR simulation environment, the real-world setting does not

provide ground truth data, so the evaluation focuses on the feasibility of performing

detection and tracking, with manual review ensuring reasonable results.

The rest of this thesis is structured as follows: Chapter 2 provides background

knowledge integral to understanding the material of this work. It includes the evo-

lution of bridge structural health monitoring methods, challenges for application of

digital twinning for operational health monitoring of bridges, potential application of

ITS for bridge digital twinning as well as application of VR technologies to simulate

test experiments that are financially and practically not feasible to conduct entirely

in a real-world setting. Chapter 3 details the proposed method for operational health

monitoring of bridges. This chapter also elaborates the proposed traffic tracking
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component and its main components, as well as the role of VR in development of

the technology components. Chapter 4 outlines the methodology including the de-

velopment of perspective transformation, training and evaluation of deep learning

models, and the VR platform. Chapter 5 shows the experiments and results in the

VR and real-world setting. Finally conclusions as well as future work are contained

in Chapter 6.
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Chapter 2

Background and Related Work

2.1 Bridge Structural Health Monitoring and Tra-

ditional Methods

Transportation systems plays an important role in economic growth and social devel-

opment of any nation. One of the essential components of transportation system is

its network of bridges, which enhances mobility and facilitates logistics by connecting

countries, regions, and communities. Therefore, appropriate maintenance and life cy-

cle management of bridges are necessary to ensure transportation safety. Structural

health monitoring (SHM) of bridges are a family of methods to monitor the perfor-

mance behavior of bridge structures and detect, localize, and quantify damage within

the structure. These methods are utilized to identify safety threats at an early stage,

allowing for the prioritization of repair, retrofit, or replacement efforts.

Traditionally, various methods have been employed for SHM of bridge, includ-

ing visual inspections [78], vibration-based health monitoring [28, 63], and non-

destructive evaluation (NDE) [11] methods. Visual inspection is one of the most

common monitoring approaches which involves a detailed examination of the visible

components of a structure to identify any signs of damage or deterioration. During a

visual inspection, inspectors look for indicators of various damage mechanisms such

as concrete deterioration (including concrete delamination and concrete degradation)

and steel corrosion [9]. Examples of these damage mechanisms are shown in Fig-

ure 2.1. Visual inspection is costly due to the need for specialized equipment and
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Figure 2.1: Different damage mechanisms: (a) bridge deck delamination in a drilled
hole, and (b) bridge deck degradation due to alkali-silica reaction, and (c) Steel rebar
corrosion.

trained personnel. The method is also labor-intensive due to the requirement of sig-

nificant time and effort to access and examine all parts of the structure. Moreover,

the results are inherently subjective, as the method relies on the inspector’s experi-

ence and judgment. Most importantly, in this approach, damage mechanisms might

be undiscovered until catastrophic failure in cases where damage is hidden and not

visible during inspections [7, 34, 62]. Figure 2.2 shows an example of bridge visual

inspection.

Vibration-based methodologies encompass both data-driven [28] and model-based

approaches [63], aiming to detect structural damage by analyzing the vibration re-

sponses of bridge structures during regular operation, such as passage of traffic. The

vibration responses of bridge is measured using traditional sensors, e.g. accelerom-

eters and are used to extract modal parameters from the vibration responses [17].

Modal parameters, which typically include natural frequencies and mode shapes of

structure, serve as fundamental indicators reflecting the characteristics and condi-

tion of the bridge. Figure 2.3 shows an example of derived modal properties for a

bridge. Operational modal analysis (OMA) [10, 14, 83] refers to techniques determin-

ing the modal properties of structures using vibration measurements collected under

operating conditions. However, the precision of these techniques are compromised

by various interference [54, 73], thereby diminishing the accuracy of vibration-based

SHM [16]. Additionally, the modal properties that can be reliably identified often do

not effectively capture aging- and degradation-related damage mechanisms in bridge
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Figure 2.2: Visual inspection of bridge.

structures [26]. Such damage typically identifiable in higher structural modes, the

identification of which poses challenges and uncertainties.

NDE [78] techniques are the most accurate methods that are used in practice for

SHM of bridges. These techniques have the capability to identify different damage

mechanisms and localize them with a high resolution [11] through the utilization of

advanced sensors, imaging techniques, and signal processing algorithms. However,

despite their accuracy, the widespread adoption of NDE techniques poses significant

challenges. Firstly, the implementation of NDE methods incurs substantial costs, pri-

marily due to the procurement and maintenance of the equipment [58, 66]. Secondly,

conducting NDE often necessitates the temporal closure of traffic flow on bridges

to ensure the safety of personnel and equipment during inspection activities [58].

The traffic interruption can result in logistical complexities, inconvenience to com-

muters, and potential economic impacts on transportation networks. Operating NDE

equipment and interpreting the results of inspection require specialized expertise and
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Figure 2.3: Modal properties: (a) Real-world bridge, (b) Modal frequencies, (c) First
mode shape, (d) Second mode shape, (e) Third mode shape, and (f) Forth mode
shape..

training to ensure safety, accuracy and reliability [19] which is another challenge for

organizations seeking to deploy NDE techniques for bridge SHM. Given the increasing

number of aging bridges across the United States, solely depending on NDE methods

is cumbersome and inefficient [95]. Hence, there is a need to introduce complimen-

tary screening methods to detect, localize, and quantify damage in bridge members

in order to guide the targeted application of NDE techniques.
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2.2 Digital Twinning and Its Challenges for Oper-

ational Health Monitoring of Bridges

In recent decades, digital twinning has become a valuable tool for damage localization

of structures. This approach leverages a physics-based model of the structure [102]

alongside stochastic filtering techniques, such as Bayesian inference [21, 30, 84], to

update the initial FE model. The model updating process ensures that the updated

model accurately represents the actual structural system. For this purpose, statistical

frameworks are used to minimize the discrepancies between the measured vibration

responses and those predicted by the FE model [37, 45, 81]. The updated model is

then maintained as a digital twin of the structure, which can be used for virtual sens-

ing and interrogated for health monitoring and damage diagnosis of the structure [2,

30, 47, 55, 57, 101].

Bayesian output-only time-domain FE model updating is a powerful method for

digital twinning, which estimates not only the uncertain mechanics-based model pa-

rameters but also the unmeasured input excitation [23, 24, 51, 84]. The estimates of

uncertain mechanics-based FE model parameters, facilitate damage localization [56],

and the estimates of load of vehicles are used for various purposes, depending on the

specific problem under study [30]. The Bayesian inference is schematically shown in

Figure 2.4. As can be seen, the measured responses of the structure (shown as Y )

are the input to the Bayesian inference to update the mechanics-based model of the

structure. In this process, the unknown model parameters as well as the unmeasured

inputs (here load of vehicles), presented as θ, are treated as random variables. The

uncertainties of these parameters are characterized by a joint Probability Density

Function (PDF) – shown as p(θ). The prior uncertainties in unknown parameters,

including the mean vector (θ̂
−
) and covariance matrix (P̂−

θ ), are propagated through

the FE model of the bridge and stochastic FE-predicted responses, Ŷ (θ), are esti-

mated. Minimizing the discrepancies between Y and Ŷ −
θ using Bayes’ theorem results

in the posterior estimates of mean vector and covariance matrix, known as θ̂
+
and P̂+

θ .
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Figure 2.4: Schematic representation of the sequential Bayesian inference method for
model updating.

The Bayesian output-only time-domain FE model updating method has demon-

strated successful implementation in structures subjected to unknown input excitation

time histories (temporally variable) that are applied at known non-variable locations

(spatially non-variable) [20, 21, 22, 30, 65, 86, 88]. However, the application of this

method for operational health monitoring of bridges presents challenges due to the

variability of traffic excitation both temporally and spatially. Temporal variability

of traffic arises from the interaction between the suspension systems of vehicles and

the dynamic systems of bridges [100], road roughness, tire assembly, and driveline

excitation [32]. Spatial variability, on the other hand, results from the movement

of vehicles along the bridge. Recent studies focus on leveraging advancements in

intelligent transportation systems (ITS) to estimate the spatial variability of traffic.

Understanding this spatial variability paves the way for the development of bridge

digital twins and SHM of bridges [56].
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2.3 Intelligent Transportation Systems

ITS includes a range of technologies and applications designed to enhance the effi-

ciency, safety, and effectiveness of transportation networks [15, 25]. The core part

of ITS involves integrating information and communication technologies with trans-

portation infrastructure and vehicles to improve traffic management [99], reduce con-

gestion [89] and enhance safety [48]. On the other hand, ITS has been used to increase

the transportation safety in areas such as traffic conflict analysis [1, 79], advanced

driver assistance systems [3], speed safety cameras [29], and traffic incident manage-

ment [99].

Recent advancements in ITS have emphasized the significance of vision-based ve-

hicle detection and tracking algorithms for traffic flow predictions [4, 5, 12, 39, 60, 87,

97, 98]. In the majority of ITS studies, vehicle detection is carried out using You Only

Look Once (YOLO) model [77], which is capable to detect, classify and determines

the location of detection using bounding boxes. In 2016, YOLO [77] model was pub-

lished as a state-of-the-art single-stage object detector at that time. YOLO feeds the

image once through a single convolutional neural network and predicts the bounding

boxes and class probabilities directly from one evaluation. The initial convolutional

layers of the network extract features from the image while the fully connected layers

predict the output probabilities and coordinates. For this purpose, YOLO divides an

input image into a grid of cells and each cell predicts several bounding boxes, confi-

dence scores for those boxes and class probabilities. The confidence scores reflect how

confident the model is that the box contains an object, and the probabilities are con-

ditioned on the grid cell containing an object. Then, YOLO calculates class-specific

confidence scores for each box by multiplying the conditional class probabilities and

the individual box confidence predictions. The YOLO model is schematically shown

in Figure 2.5.
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Figure 2.5: YOLO models detection as a regression problem. It divides the image
into a grid and for each grid cell predicts bounding boxes, confidence for those boxes,
and C class probabilities.

YOLO model has evolved over years to improve the performance [42]. YOLOv8

is one of the latest versions of YOLO, which in addition to detection and classifica-

tion, it goes a step further and supports segmentation [93]. Instance segmentation

involves identifying individual objects in an image and segmenting them from the

rest of the image. The output of an instance segmentation model is a set of masks

or contours that outline each object in the image, along with class labels. Instance

segmentation is useful when both the location and the exact shape of objects in an

image are required. Figure 2.6 shows a comparison between application of YOLO for

object detection and instant segmentation.
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Figure 2.6: Application of YOLO for: (a) Object detection, and (b) Instant segmen-
tation.

In 2016, Simple Online and Real-Time Tracking (SORT) algorithm was intro-

duced [44] to achieve tracking of detected objects to maintain their identity across

frames as they move or change in appearance. For this purpose, SORT uses Kalman

filter [46] and Hungarian matching algorithm [8]. Kalman filter predicts the next state

of each tracked object based on its previous state and motion dynamics. After obtain-

ing predictions, Hungarian algorithm associates the predictions with the detection.

SORT implements a multi-stage matching process, referred to as matching cascade,

where tracks are prioritized based on their age and stability, with more established

tracks being matched first. SORT model computes a motion-based cost matrix that

used the predicted positions of tracks and the current positions of detection. How-
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ever, SORT fails to maintain accuracy due to occlusions and viewpoint changes. An

enhanced version of SORT, referred to as Deep Simple Online and Real-time Tracking

(Deep SORT) [96], is introduced in [44] incorporating a deep learning-based feature

embedding model. Compared to SORT, Depp SORT learns a more discriminative

feature representation for each detected object using a convolutional neural network

to compare the visual similarity between tracks and detection [92]. In Deep SORT,

matching cascade is implemented using a cost calculation that combines both motion

and appearance costs. The motion-based cost is derived from the Kalman filter pre-

diction, while the appearance-based cost is based on the similarity of the appearance

descriptors. Figure 2.7 depicts the integration of YOLO and Deep SORT for object

tracking on a video recording.

Figure 2.7: Detecting and tracking vehicles using YOLO and the Deep SORT algo-
rithm.
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2.4 Synthetic Data and Virtual Reality Technolo-

gies in ITS

A difficult task in development of deep learning and computer vision models is col-

lecting large sets of real data for training and validation. This challenge arises due

to several factors, including the manual annotation effort required, the difficulty in

collecting representative examples of the target scenes or patterns of interest, and,

more recently, privacy-related restrictions [67]. To address this issue, a new trend has

emerged in research studies utilizing synthetic images as training and/or validation

data, either alone or in combination with real images [43, 50, 85, 80].

While synthetic images are two-dimensional (2D) static visuals, virtual reality

(VR) is defined as a computer-generated simulation of a three-dimensional (3D) im-

mersive environment that can be interacted with as if it were real [41, 59]. VR has the

ability to simulate time-variant 3D environments which makes it suitable to simulate

test experiments that are financially and practically not feasible to conduct entirely

in a real world setting [6, 36, 64, 74, 75, 76]. For example, [76] designed and imple-

mented a VR-based simulation testbed, linking a computer-generated environment

to the system running the autonomous vehicle to visually evaluate the performance

of an advanced driver assistance controller in a real traffic. Moreover, [90] used

an immersive VR-based driving simulator to study driver behavior, techniques and

adaptability.

In recent VR applications, Unity [91] has become a widely used game engine

for implementing visualization modules [69, 70, 71]. Unity is a commercial game

engine that offers extendable scripting capabilities in the C# language. It employs

the object-oriented composition paradigm, in which component classes implement

various types of encapsulated behavior that can be attached to container objects,

allowing for a modular and flexible development process. Unity’s extensible model is

integrated with a visual environment editor, enabling developers to change properties

visually and create references to other objects within the environment. Additionally,
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Unity’s extensive asset store provides a vast library of pre-made assets and tools that

can accelerate development and improve the quality of VR applications. Figure 2.8

shows an example of developed environment in Unity.

Figure 2.8: Platoon of cars within the virtual Clemson University environment de-
veloped using Unity [76].
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Chapter 3

A New Paradigm: Application of
ITS in Bridge Health Monitoring

This study introduces ITS as a key technology component in an innovative technology-

based approach for SHM of bridges. This technology component combines computer

vision techniques and deep learning methods within a digital twinning framework.

Moreover, a VR simulation is introduced as a platform for accelerating technology

development by simulating roadway test scenarios for system components under evalu-

ation. Section 3.1 outlines the new health monitoring technology and its pipeline cov-

ering the deployment of monitoring sensors and data collection, data pre-processing,

digital twinning and interpretation of results. ITS is incorporated in this pipeline as

a part of data pre-processing and is referred to as traffic tracking component. After-

wards, a detailed discussion on the traffic tracking technology component is provided

in Section 3.2. This section discusses the primary phases of traffic tracking compo-

nent and the use of deep learning and computer vision models. Finally, Section 3.3

explains the application of VR in acceleration of technology development.

3.1 Big Picture: ITS and Digital Twinning

The digital twin of a bridge refers to a high-fidelity FE model that can be used for

damage identification and localization of the bridge structure. Development of bridge

digital twins requires understanding regarding the following items:

• Input excitation to the bridge structure, which is determined through:
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– Load of vehicles traversing on the bridge.

– Time history of the locations in which the load of vehicles are applied to

the bridge structure. These are the time history of the footprint of vehicles’

tires.

• Output response of the bridge structure, which is determined through:

– Vibration response of the bridge structure to the excitation induced by

traffic, e.g., acceleration or displacement response.

In the proposed technology-based method, the output response is collected using

sensors, e.g. accelerometers, installed on bridge. On the other hand, the input ex-

citation is inferred by application of computer vision and deep learning methods on

video recordings of traffic captured by traffic cameras installed on the bridge. In this

method, video recordings are processed to detect and classify vehicles, and track the

location of their tires. The classification results provide initial estimates regarding the

weight of vehicles, and the tracking results provide the time history of the location

traffic input load. Then, the extracted information on input excitation and output

responses are fused together and used as the input to the digital twinning process. In

this process the initial FE model of bridge is updated to truly replicate the real-world

structure. Using Bayesian output-only time-domain FE model updating, the damage

status of bridge as well as the dynamic load of vehicles are estimated. Later, using

estimates of damage status of various bridges, the prioritization plan for rehabili-

tation of bridges are developed. Moreover, using the estimates of vehicles dynamic

load, remote load rating and traffic management can be possible. Figure 3.1 presents

the schematic view of the proposed technology-based method for digital twinning of

bridges and highlights its four main steps: Instrumentation and data collection, Data

pre-processing, Digital twinning, and Interpretation of estimates. Figure 3.2 shows

the pipeline of proposed method and discusses its implementation as outlined below:

• Step 1: Instrumentation and data collection
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Figure 3.1: Schematic representation of proposed method for operational health mon-
itoring of bridges.

The bridge is instrumented with traffic cameras and accelerometers to collect

the video recordings of traffic and dynamic response of bridge to the given

traffic.

– The accelerometers are installed at locations in which the response of struc-

ture has the least noise-to-signal ratio and the highest sensitivity to the

deterioration of structure.

– The traffic cameras are installed along the length of bridge in a way that

their vantage point provide a continues coverage over the length of bridge.

• Step 2: Data pre-processing

Prior to being used in the digital twinning process, the collected data may

require processing.

– The video recordings of traffic are processed using deep learning and com-

puter vision techniques to detect the class of vehicles and track the location
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of their tires on the bridge deck. This task is referred to as traffic tracking

component and includes four main phases: Development of transformation

matrix, vehicle tracking, tire tracking and transformation to FE coordinate

system. These phases will be discussed in detail in Section 3.2.

– The utilization of acceleration signals do not require any specific processing

other than usual cleaning process.

• Step 3: Digital twinning

Using the pre-processed collected measurements, the digital twin of bridge is

developed. For this purpose, the following steps are carried out:

– Setting up the Bayesian inference and selecting the FE model parameters

to be estimated. This part is not the focus of this study.

– Preparing the input to the Bayesian inference:

∗ The initial FE model of the bridge structure is developed. This model

is the high-fidelity FE model developed using the available informa-

tion about the bridge structure, e.g., as-built drawings and material

nominal values.

∗ The collected acceleration signals and tracked location of tires are

synchronized, and fused with the identified class of vehicles.

– Running the model updating process and estimate:

∗ The damage-related FE model parameters.

∗ Time history of the dynamic load of traffic traversing on the bridge.

• Step 4: Interpretation of estimates

At this stage, the estimates of damage-related FE model parameters, the dy-

namic load of vehicles as well as the traffic tracking data are interpreted as

follows

– The estimates of damage-related model parameters are used to infer the

deterioration level of bridge and the required maintenance action.
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– The estimates of traffic tracking and load are used to improve ITS through

load rating and traffic management.

3.2 Key Technology Component: Traffic Tracking

The pre-processing of video recordings, outlined as a sub task in step 2 of the pro-

posed method in Section 3.1, is the main component of the proposed technology.

This technology component is proposed to be implemented in four main phases (see

Figure 3.2. For each recorded frame:

• In the first phase, a perspective transformation matrix is established from

the pixel to FE model coordinate systems. This matrix is developed using the

intrinsic and extrinsic parameters of the cameras as well as the known locations

of fixed landmarks in the pixel and FE model coordinate systems [18, 31, 82].

• In the second phase, vehicles are detected and classified using YOLOv8 algo-

rithm resulting in the classification of vehicles and generation of corresponding

bounding boxes around the detected vehicles. Subsequently, the detection re-

sults are integrated with Deep SORT algorithm, which extracts patches corre-

sponding to the bounding boxes to track the trajectory of each vehicle.

• Moving to the third phase, YOLOv8 instance segmentation is performed

within each bounding box to detect and predict the segmentation mask of ve-

hicle’s tires. The predicted masks of tires are then tracked individually and the

coordinates of their contact points with the bridge’s deck are determined in the

pixel coordinate system.

• In the fourth phase, the locations of tires’ contact points are computed in the

FE model coordinate system. By applying the derived perspective transforma-

tion matrix to the pixel coordinates of the tires’ contact points, the location

of these points can be computed in the FE model coordinate system. By in-

tegrating the tracked location of tires from different camera views, a complete
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understanding of each vehicle’s tires’ locations on the bridge is derived.

3.3 Technology Development Accelerator: VR

Development and test of the introduced traffic tracking technology component re-

quires significant efforts on instrumentation of bridge roadways with traffic cameras,

collection of video recordings, as well as measurement of the ground truths of tire lo-

cations. To speed up the technology development and reduce the test cost, this study

proposes development of a VR platform which is capable of simulating a bridge’s

roadway with cameras installed on the bridge shoulders. Using VR, different test

scenarios are simulated while the traffic is being recorded by cameras and the ground

truth data are measured. The video recordings are used to implement the developed

traffic tracking component and the ground truth data are used to evaluate the per-

formance of the technology component. Further description of the VR platform and

its main components are the subject of following sections.
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Chapter 4

Methodology

This chapter explains the development of traffic tracking component and the VR sim-

ulation platform. Section 4.1 describes the architecture of traffic tracking technology

component, as well as the deep learning and computer vision models used in its de-

velopment. Section 4.2 details on the development of VR platform in Unity, as well

as its functional and non-functional requirements.

4.1 Traffic Tracking Component

The architecture of proposed traffic tracking component is shown in Figure 4.1 which

shows that the traffic tracking technology component is performed on each frame in

four main phases. These phases are explained in details throughout the following

subsections. Section 4.1.1 elaborates on development of transformation matrix be-

tween the pixel and FE coordinate systems. Section 4.1.2 and Section 4.1.3 describe

the training process of detection and tracking models on vehicle and tire objects, re-

spectively. Finally, Section 4.1.4 details the application of developed transformation

matrix on the tracked location of tires.

4.1.1 Phase 1: Development of transformation matrix

In each frame of recorded videos, a transformation matrix is developed between the

pixel and the FE model coordinate systems. Figure 4.2 shows the commonly used

coordinate systems in computer vision and the transformation between them. These
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Figure 4.1: Diagram of the proposed method.



26

systems are explained as follow:

• World coordinate system (or FE model coordinate system here): It is a 3D

basic Cartesian coordinate system with an arbitrary origin. A point in this

coordinate system can be denoted as PFE = (XFE, YFE, ZFE).

• Camera coordinate system: It is a 3D coordinate system that measures relative

to the camera’s origin. The z-axis of the camera coordinate system usually

faces outward or inward to the camera lens. The transformation between the

world/FE coordinate system to camera coordinate system can be carried out

by rotation and translation operations.

• Image coordinate system: It is a 2D coordinate system that has the 3D points

in the camera coordinate system projected onto a 2D plane of a camera with a

Pinhole Model [40].

• Pixel coordinate system: This 2D coordinate system represents the integer val-

ues by discretizing the points in the image coordinate system. Pixel coordinates

of an image are discrete values within a range that can be achieved by dividing

the image coordinates by pixel width and height.

Figure 4.2: Commonly used coordinate systems in computer vision.

Equation 4.1, shows that how the FE model and pixel coordinate systems are

related. In this equation, points in pixel coordinate system are shown as

 u
v
w

. The

left hand side 3×4 transformation matrix is the camera intrinsic matrix, and the right

hand side 4×4 transformation matrix is the camera extrinsic matrix. Camera intrinsic
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matrix, which depends on camera properties (such as focal length, pixel dimensions,

resolution, etc.), converts points from the camera coordinate system to the pixel

coordinate system. In this matrix, the term f is camera focal length, ρu and ρv are

dimensions of each pixel (pixel width and height), and cx and cy are transnational

distances between origin of pixel and image coordinate systems. Camera extrinsic

matrix, which depends on the position and orientation of the camera, converts points

from FE model coordinate system to camera coordinate system. In this matrix, the

term R3×3 is the rotational matrix and t3×1 is the transnational vector.

v
u
w

 =

 f
ρu

0 cx 0

0 f
ρv

cy 0

0 0 1 0

(
R3×3 t3×1

01×3 11×1

)
XFE

YFE

ZFE

1

 (4.1)

While the camera intrinsic matrix is only dependent on camera properties and not

changing from one frame to another, the camera extrinsic matrix might vary between

successive frames. This variation is due to the movement of camera and change in the

position and orientation of camera caused by different conditions, e.g., wind. Hence,

the camera extrinsic matrix needs to be calculated in each frame. For this purpose,

few number of fixed landmarks are selected and tracked from one frame to another

frame. Fixed landmarks are referred to the non-moving objects that are in the view of

the given camera (e.g., light poles or traffic lights). Due to the movement of camera,

the pixel coordinates of fixed landmarks may change in subsequent video frames.

Using the tracked coordinates in pixel coordinate system and the known coordinates

in FE coordinate system, the extrinsic matrix can be developed. Tracking the fixed

landmarks is carried out using optical flow. Optical flow is defined as the pattern of

apparent motion of image objects between two consecutive frames. It is a 2D vector

field where each vector is a displacement vector showing the movement of points from

first frame to second. Optical flow works on the following assumptions:

• The pixel intensities of an object do not change between consecutive frames.

• Neighbouring pixels have similar motion.
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In order to track fixed landmarks, the fixed landmarks are selected manually

by user on the first frame of each video recording. Then, the salient features such

as corners or edges are extracted from the fixed landmarks. Utilizing the extracted

features along with optical flow algorithms, the movement of fixed landmarks are

monitored and tracked across consecutive frames. After finding the pixel coordinates

of fixed landmarks, the camera extrinsic matrix is developed utilizing the known

coordinates in FE model, as well as rotation and translation operations.

In this study, the iterative Lucas-Kanade method is used to estimate the optical

flow equations utilizing the least squares [52, 53]. For this purpose, two pyramid

levels are used and size of the search window at each pyramid level is set to 5 × 5.

The iterative process is terminated when one of the following criteria are met:

• Search window moves by less that 0.01.

• 50 number of iterations are done at each pyramid layer.

This approach is implied using the function calcOpticalFlowPyrLKimplements

from the OpenCV library of Python programmin language.

It is noteworthy that transformation from pixel to FE coordinate system can be

streamlined using projective mapping, also known as the perspective or homogeneous

transformation [35]. For this purpose, the four fixed landmarks are selected on a

single plane and the combination of intrinsic and extrinsic matrices are calculated

using an affine mapping. The details of this process are explained in Section 4.1.4.

4.1.2 Phase 2: Vehicle Tracking

In this study, the YOLOv8s-seg model is utilized on each recorded frame for detection

and classification of vehicles. This model is pre-trained on COCO (Common Objects

in Context) dataset [49], which contains over 80 object classes, including different

types of vehicles such as cars, trucks, buses, and motorcycles. This pre-trained model

is used for the purpose of vehicle detection and classification of this study.
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The YOLOv8s-seg model is utilized for vehicle detectinon and classification with

the following criteria:

• The confidence threshold for non-maximum suppression (NMS) is set to 0.5.

So, detections with a confidence score below 0.5 are filtered out. The primary

goal of NMS is to reduce multiple detections of the same object instance to a

single detection.

• The intersection over union (IoU) threshold is set to 0.7. So, if the IoU between

two boxes is greater than 0.7, the one with lower confidence is suppressed.

Calculation of IoU is further explained in the next section.

• Multi-labeling is disabled. So, NMS assigns each detection box to at most one

class label based on the highest confidence.

• The optional list that filters detection by specific class indices is set in a way to

filter out any detection other than vehicles.

Once vehicles are identified in the video frames, they are subsequently tracked

using Deep SORT model. Deep SORT integrates the detection results from YOLO

with the tracking algorithm. Deep SORT extracts a deep appearance feature vector

for each detected object using a convolutional neural network (CNN-based) feature

extractor. Then, associate the detected objects across frames using a matching algo-

rithm (such as the Hungarian algorithm) that takes into account both the location

and appearance of the objects. Finally, tracks that have not been associated with

any objects for a certain number of frames or that have low confidence scores are

removed. The Deep SORT algorithm is utilized with the following criteria:

• Nearest neighbor distance metric is specified as a cosine distance. The cosine

distance measures the angle between feature vectors and is often used to measure

the similarity between feature vectors of detected vehicles.

• The maximum cosine distance threshold is set to 2, which indicates that objects
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whose feature vectors have a cosine distance greater than 2 will be considered

dissimilar.

• No limit is implied on the maximum number of nearest neighbors that are

considered for association in the nearest neighbor matching process.

• Minimum number of detection before confirming a track is set to 3. It means

that newly allocated tracks are activated after 3 frames .

• Maximum age of tracks is set to 10. This criterion means that any track not

associated with a detection for 10 consecutive frames will be deleted.

4.1.3 Phase 3: Tire tracking

Similar to the vehicle detection and classification, tire detection and segmentation is

performed using YOLOv8m-seg model. However, this model is not pre-trained on tire

objects and needs to be trained for the purpose of this study. The training process

and evaluation of the trained model are discussed in the following subsections.

4.1.3.1 Training of model

The training dataset for instance segmentation of tires is prepared using OpenIm-

agesV7 [33]. OpenImages is a dataset provided by Google, designed for machine

learning and computer vision tasks. It contains a large collection of annotated im-

ages (over 1.9 million), making it valuable for training and evaluating algorithms

in object detection, image classification, and segmentation. To prepare the training

dataset, 35000 raw images and their masks for instance segmentation of tires are

downloaded from OpenImages. These images are classified as wheel dataset in the

OpenImages dataset. The dataset is divided to three subsets as follow:

• Training dataset, which contains 80% of the dataset.

• Validation dataset, which contains 20% of the dataset.
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The dataset is organized based on the YOLO format including separate fold-

ers for training and validation data with separate sub-folders for images and masks.

The model is trained using the deep learning framework of PyTorch 2.1.1, comple-

mented by CUDA Toolkit 11.2 and cuDNN 8.1 for optimized GPU acceleration. The

following parameters are set for the training process:

• Images are resized to 640× 640 pixels.

• Batch size is set to 16, which means that 16 images are processed simultaneously

during training process.

• Epochs are set to 100, which means that the training process iterates 100 times

over the entire dataset.

• Initial weight are set to the weights of pre-trained YOLOv8s-seg model.

Moreover, the properties of the high-performance computing system is as follows:

• Intel Core i7-12700K 12-Core Processor, which provides significant computa-

tional power for handling large datasets and complex deep learning tasks

• NVIDIA GeForce GTX 1080 Ti GPU, known for its high performance in parallel

processing, essential for deep learning tasks that require substantial computa-

tional resources for training models efficiently.

4.1.3.2 Evaluation of trained model

After training the YOLO model on tire data set, the model is evaluated by being

executed on validation dataset. As an example, Figure 4.3 shows an example of

performance of the trained model on the validation dataset.
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Figure 4.3: Examples of tire segmentation on validation dataset.

In this study, to evaluate the performance of the trained model, the metrics of

precision, recall, and mean average precision (mAP) are utilized. In order to calculate

these metrics, it is necessary to calculate the following parameters:

• True positive (TP): TP indicates the total number of pixels correctly identified

within the segmented instance where the algorithm accurately detects a tire.

• False positive (FP): FP indicates the total number of pixels incorrectly identified

as part of a tire segment when no tire is present there.

• False negative (FN): FN indicates the total number of pixels that the segmen-

tation algorithm has incorrectly not classified as not part of the tire. In other

words, FN indicates instances where the algorithm fails to detect an existing

tire in the image.

The above parameters can be calculated using IoU. The term IoU measures the

overlap between the ground truth segments and the predicted segments, as outlined

in Equation 4.2. In this equation, the term A refers to the area of ground truth
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segment and B refers to the area of predicted segment. When the IoU value is greater

than a predefined threshold (here 0.7, as explained in Section 4.1.2), it qualifies the

predicted segment as a TP; otherwise, it qualifies the predicted segment as a FP. It

is noteworthy that the TP, FP and FN of Equations 4.3 and 4.4 are calculated using

IoU, which facilitates the calculation of precision and recall.

IoU =
|A ∩B|
|A ∪B|

(4.2)

Using the calculated IoU values, TP, FP and FN are calculated as follow:

• TP counts the predictions where IoU is greater than the predefined threshold

for at least one ground truth mask.

• FP counts the predictions where IoU is smaller than the predefined threshold

for all ground truth masks.

• FN counts the ground truths where there is no prediction with IoU greater than

the predefined threshold.

After calculating TP, FP and FN, the precision and recall metrics can be calculated.

Precision indicates how good the model is at identifying true positives (avoiding

mistakes), and is calculates as bellow:

Precision(P ) =
TP

TP + FP
(4.3)

Recall indicates that how well the model finds all the relevant things it should

(not missing anything important). The following equation shows how this metric is

calculated.

Recall(R) =
TP

TP + FN
(4.4)

Using the precision and recall metrics, average precision (AP) is calculated. AP

measures how well the model predicts the objects and their locations in an image

and summarizes the precision-recall tradeoff of a model over different thresholds.
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For this purpose, the precision-recall curve is developed for each class by varying

the confidence threshold from 0 to 1, and compute the precision and recall for each

threshold. AP is calculated as the area under the precision-recall curve, as defined in

Equation 4.5.

APc =
n−1∑
k=0

[(Recallc(k)− Recallc(k + 1))× Precisionc(k)] (4.5)

In the above equation, the subscript c refers to the object class (here, tire) and the

term k counts the confidence scores (n in total) used to calculate the precision-recall

curves. The confidence score is a measure of the model’s certainty that a predicted

object is present in the image and belongs to the specific class (here, tire). The con-

fidence score is typically calculated as the product of the two following probabilities:

• The probability that the predicted mask contains an object (P (Object)).

• The probability that the mask corresponds to a specific class (P (Class | Object)).

The mean average precision (mAP) is calculated by averaging the AP values

across all classes, as illustrated in Equation 4.6. This metric provides an overall

assessment of the model’s performance across different classes. In this equation, the

term C is the total number of classes.

mAP =
1

C

C∑
c=1

[APc] (4.6)

Segmentation models are usually evaluated using mAP50 and mAP50-95 metrics

tailored to assess their performance in delineating object boundaries accurately across

images. These two metrics are defined as follow:

• mAP50: Represents the mAP calculated using confidence scores ranging from 0

to 0.50. This metric evaluates how well the segmentation model delineates ob-

ject boundaries with lower confidence, indicating its performance at less certain

thresholds.
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• mAP50-95: Represents the mAP computed with confidence scores from 0.50 to

0.95. This metric provides a comprehensive evaluation across instances where

the model accurately segments objects with higher confidence. This metric is

particularly useful in scenarios where precise localization of objects is critical.

Table 4.1 presents the performance evaluation of the trained model on the validation

dataset, using precision, recall, mAP50, and mAP50-95 metrics. The ’Value’ columns

in this table show the absolute values of these metrics, while the ’Change’ columns

indicate the improvement of the trained model compared to its initial epoch using

pre-trained weights. Throughout the training process, all evaluation metrics show im-

provement. Notably, the mAP50-95 metric demonstrates the greatest enhancement,

highlighting the model’s robustness in accurately localizing objects. Conversely, the

recall metric exhibits the smallest improvement, suggesting that the model may oc-

casionally fail to detect positive instances present in the dataset.

Table 4.1: Evaluation of trained YOLO model.

Model Precisionval Recallval
mAPval

50
mAPval

50-95

Value Change Value Change Value Change Value Change
YOLOv8s-seg 65.73% +37.43% 61.3% +29.1% 58.2% +37.2% 88.2% +40.3%

4.1.4 Phase 4: Transformation to FE coordinate system

After the subsequent application of YOLO and Deep SORT on each bounding box

(detected vehicles), the segmentation mask of each tire of vehicle is predicted. At this

stage, the pixel coordinates of the segmented area for tires are extracted. These coor-

dinates represent a closed curve with a contact point with the surface of bridge. The

pixel coordinate of the contact point is extracted and referred to as

 u
v
w

. Using

the tracked location of fixed landmarks (explained in Section 4.1.1) and projective

mapping, the coordinate of contact point is derived in the FE coordinate system. As

already mentioned in Section 4.1.1, to streamline the transformation of coordinates
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from pixel to FE systems, homogeneous transformation is used.

By selecting the fixed landmark locations on a single plane, combination of intrin-

sic and extrinsic camera transformations of Equation 4.1 can be calculated using pro-

jective mapping, also known as the perspective or homogeneous transformation [35].

Homogeneous transformations are used extensively for perspective camera transfor-

mations [27]. In homogeneous notation, 2D points are represented by 3D vectors, and

for affine and projective mappings, points in source space (here pixel coordinate sys-

tem) are denoted by

 u
v
w

 and points in the destination space (here FE coordinate

system) are denoted by

 XFE

YFE

ZFE

. The general form of a projective mapping in the

homogeneous matrix notation is as follows:X ′
FE

Y ′
FE

ZFE

 =

a b c
d e f
g h i

u′

v′

w

 (4.7)

where (XFE, YFE)
T =

(
X′

FE

ZFE
,
Y ′
FE

ZFE

)T

for ZFE ̸= 0, and (u, v)T =
(
u′

w
, v

′

w

)T
for w ̸= 0.

Although there are 9 coefficients in the matrix above, these mappings are homoge-

neous, so any nonzero scalar multiple of these matrices gives an equivalent mapping.

Hence there are only 8 degrees of freedom in a 2D projective mapping. Without loss of

generality, it can be assumed that i = 1. This projective mapping can be determined

from the source and destination coordinates of the four corners of a quadrilateral. Let

the correspondence map

(
uk

vk

)
to

(
XFEk

YFEk

)
for vertices numbered k = 0; 1; 2; 3.

To compute the forward mapping matrix Msd, assuming that i = 1, eight equations

and eight unknowns a-h are set, which can be rewritten as an 8× 8 system



u0 v0 1 0 0 0 u0x0 v0x0

u1 v1 1 0 0 0 u1x1 v1x1

u2 v2 1 0 0 0 u2x2 v2x2

u3 v3 1 0 0 0 u3x3 v3x3

0 0 0 u0 v0 1 u0y0 v0y0
0 0 0 u1 v1 1 u1y1 v1y1
0 0 0 u2 v2 1 u2y2 v2y2
0 0 0 u3 v3 1 u3y3 v3y3





a
b
c
d
e
f
g
h


=



XFE0

XFE1

XFE2

XFE3

YFE0

YFE1

YFE2

YFE3


(4.8)



37

This linear system can be solved using Gaussian elimination or other methods for

the coefficients a-h, and can be performed by the getPerspectiveTransform function

available in the OpenCV library of Python programming language.

4.2 VR Platform

After development of the pipeline for the traffic tracking technology component and

training its required deep learning models, the pipeline is tested on a simulated testbed

environment using VR and the Unity game engine. The VR is required to simulate a

roadway that is instrumented with traffic cameras on the shoulder of road. Moreover,

defined by the user, a traffic of vehicles with various speeds and directions can traverse

on the road while the video of traffic are recorded by the cameras. The developed VR

needs to be capable of recording synchronized footage of traffic while fixed landmarks

are in the view of cameras. For each traffic scenario, the synchronized recordings of

cameras are saved as mp4 file. At a same time, the location of the outer edge of

tires (ground truth) in contact with the surface of road are recorded and reported

as CSV files. Sections 4.2.1 to 4.2.5 explain the various assets and features used

in development of the VR, and Section 4.2.6 discuses C# code implementation for

animating traffic and explains the process of saving the ground truth data for tire

locations as well as saving the camera recordings.

4.2.1 Bridge Road

The bridge road is simulated based on the properties of East Yutan Bridge [68],

NE. EY is a four-span bridge with a total length of 122 meters in the east-west

direction and a total width of 9.8 meters. This width is divided into two lanes: one

lane designated for eastbound traffic, allowing vehicles to traverse in the eastward

direction, and the other lane for westbound traffic, allowing vehicles to traverse in

the westward direction. Figure 4.4 shows the top view of the bridge along with the

defined world/FE coordinate system. As can be seen in this figure, the origin of

the world coordinate system is selected at the mid-width of the roadway on the west
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entrance, and the X and Y axis are selected in the longitudinal and traverse directions

of the roadway. Modeling of the roadway, its line dividers and curbs are discussed in

this section. The roadway is also marked with fixed landmarks that will be discussed

later.

Figure 4.4: Top view of the simulated roadway and the global X and Y axis.

The road is modeled using a 3D Plane object with the given dimensions. The

graphics of the road, including its shape and appearance, are set using the Mesh

Renderer, and the physics of the road is set through the Mesh Collider. To assign

the graphics, the road object is assigned with a Standard Shader which is a built-in

shader with a comprehensive set of features to render real-world hard surface objects.

The Standard Shader also incorporates an advanced lighting model called physically

based shading (PBS) that simulates the interactions between materials and light in

a way that mimics reality by following principles of physics. The color of road is

selected in Opaque rendering mode as a shade of gray with values of
(
56 56 56

)
for RGB channels. The reflectivity and light response of the surface are modified

by setting the Metallic and Smoothness levels. The prior is set to 0.5 presenting

medium reflection of the environment on the bridge road, and the latter is set to 0.5

representing a medium micro-surface detail. The micro-surface detail is a concept

used in the lighting calculations and the amount of light that is diffused as it bounces

off the object. Taken to its extreme, a perfectly smooth surface reflects light like

a mirror (smoothness level equal to 1), and less smooth surfaces reflect light over a

wider range of angles (as the light hits the bumps in the micro-surface), and therefore

the reflections are spread across the surface in a more diffuse way. Moreover, the

Lighting component is set to cast a shadow when a shadow-casting light shines on

it. The Mesh Collider is set using plane mesh which refers to a flat, 2D mesh shape
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that is typically used for objects that represent flat surfaces. Moreover, the Layer

Override feature which specifies the collision between different objects is set to zero

reflecting no collision between road and other objects.

The road divider lines are modeled using 3D Plane objects with the width of 25

cm. They are positioned at the middle and along the length of road with the clear

distance of 30 cm. The Standard Shader with Opaque color mode and a shade of

yellow with RGB values of
(
211 156 69

)
is selected. The Metallic and Smoothness

levels as well as Collider Mesh are defined similar to those of the road object.

Curbs are modeled at the two sides of the road using Cube objects with the

dimension of 0.7m × 0.7m × 122m. The color is selected as dark gray with RGB

values of
(
51 51 51

)
. The Box Colliders are defined for the curbs, while the rest of

the settings are similar to those of the road object.

4.2.2 Fixed Landmarks

In this preliminary study, fixed landmarks are modeled as white markings at known

locations on the two sides of the roadway (as symmetric pairs with respect to the

X axis). Figure 4.5 shows the layout of landmarks and a close look to four of the

markings. These markings have a dimension of 75cm× 7.5cm and are modeled using

similar properties as road divider lines, explained in Section 4.2.1.
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Figure 4.5: Layout of fixed landmarks and a close view over four of them.

4.2.3 Cameras

The cameras are modeled using the Camera Object. This object is a device through

which the player views the simulated environment. The Clear Flag of cameras are

set to Skybox with Background of blue to create the illusion of sky around the scene.

Perspective Projection is assigned to the camera objects simulating how the human

eye sees the world: Objects appear smaller as they get further away from the camera,

creating a sense of depth and realism. The cameras’ Field of View are set to 50◦ along

the vertical axis which is a common value to provide a natural viewing experience.

The cameras are located five meters above the surface of road at the two sides of the

road in locations shown in Figure 4.6. Moreover, the cameras are installed with +-30◦

rotation in the global XY plane and 30◦ in the global YZ plane as can be seen in

Figure 4.6. The I.Ds. of cameras as well as few examples of their view when traffic

is on the bridge are shown later in Figure 4.2.5.
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Figure 4.6: Layout of cameras and their angles.

4.2.4 Light

In this study, light is simulated using Directional Light which is useful for creating

effects such as sunlight in the scene. Behaving in many ways like the sun, directional

lights can be thought of as distant light sources which exist infinitely far away. The

direction of light is set to have a 50◦ angle withing the global XY plane and an angle

of 50◦ within the global YZ plane. The color is set as a warm light using RGB

of
(
255 244 214

)
. The light component is defined using the Mixed Mode which

combines elements of both real-time and baked lighting. Real-time lighting updates

dynamically in real-time and is useful for objects that move or change frequently

but can be expensive in terms of performance. On the other hand, baked lighting is

pre-computed and stored in lightmaps and is less demanding at runtime compared

to the real-time lighting. Mixed mode strikes a balance between real-time and baked

lighting, optimizing performance while still allowing for dynamic lighting changes.

Figure 4.7 represents the modeled directional light.
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Figure 4.7: Directional light.

4.2.5 Vehicle

For the purpose of this study, vehicles are modeled as tri-axial dump truck (see Fig-

ure 4.8(a)) which is 7.63 m long, 2.92 m wide and 2.76 m high. The truck is a

Parent Rigid Body object asset imported from [94], including child objects of body,

container, cover, spare wheels, piston and tires. The child objects are shown in Fig-

ure 4.8. Features regarding the graphics and physics of the objects are defined using

Cube objects with Mesh Renderer and combination of Box and Triangle Colliders -

For more details, see [94]. The side view of the truck with its assigned colliders is

shown in Figure 4.9. Moreover, Figure 4.10 shows example of camera views when

the truck is on the bridge. It is noteworthy that the physics of animation of traffic,

including the movement of truck rigid body as well as the rotation of tires are defined

in the C# script which is further explained in Section 4.2.6.
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Figure 4.8: Truck asset and its child objects: (a) Annotated parent object, (b) body,
(c) container, (d) piston, (e) middle/rear tire, (f) front/spare tire, (g) cover.
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Figure 4.9: Side view of truck rigid body and the colliders.

Figure 4.10: Camera I.Ds. and an example of their recording when truck is on the
bridge.

4.2.6 Traffic Animation and Saving Outputs

The C# script is attached to the truck game object and is responsible for animating the

traffic on the bridge, recording and saving the footage of camera, as well as saving

the ground truth location of tires. The code includes five main functions - Start,

RepeatingFunction, Update, FixedUpdate and CameraSwitch - listed below:
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• Start: This function initializes the script when the traffic simulation starts and

retrieves the Parent Rigid Body Component (truck) using the GetComponent

method. Moreover, this function retrieves the dimension of the tires by calling

the GetComponent method on a reference to the tire GameObject to obtain its

Renderer component and calculates the required dimensions, e.g., half of the

tires’ width using the bounds.size.y property of the Renderer component.

The Start function also sets the active camera. Active camera is the camera

which its recording is being shown to the user using a user-defined CameraSwitch

function. Then, a CSV file that stores the ground truth location of tires is

initialized. This file includes 12 columns reporting the X and Y coordinates of

front, middle and rear tires on North and South bounds. Moreover, the Start

function schedules to call the RepeatingFunction function every 1
30

second (30

frame per second).

• RepeatingFunction: This function reads the positions of the tire centers us-

ing the transform.position.x and transform.position.y properties. Using the

calculated tire width from the Start function, it then calculates the positions of

the outer edges of the tires. Then, the RepeatingFunction function writes this

information to the CSV file.

Moreover, by comparing the y coordinate of tires with the length of bridge, this

function checks if the truck exit the bridge. If so, the game would quit.

• Update: This function checks for user input using Input.GetKey, and switch

camera to the target camera using the user-defined CameraSwitch function. The

user input serves as the camera identifier, specifying which camera’s footage to

display to the user.

• FixedUpdate: This function moves the truck forward and rotates its tires. The

translation of truck is carried out using transform.Translate(Vector2.forward *

speed). Transform is a property of the GameObject that provides access to
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its Transform component. The Transform component handles the position,

rotation, and scale of the GameObject. Here, Translate is a method that moves

the truck in space based on the specified vextor. Vector1.forward represents a

direction along the positive X.

In addition, using the tire dimensions and the traveled distance in each frame,

the rotation of tires are calculated and applied to their components using trans-

form.Rotate method.

• CameraSwitch: This function switches the active camera based on the user-

input camera I.D. It iterates through the list of cameras and enables the selected

camera by setting its enabled property to True, while disabling the other cam-

eras by setting their enabled properties to False.
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Chapter 5

Experiments and Results

5.1 Application of proposed traffic tracking method

using VR

Various scenarios of traffic are modeled using Unity. The scenarios are conducted with

one or two trucks traveling in one or two directions. The traffic scenarios include:

• Travel of a single truck in the middle of the bridge, straddling the line between

the two lanes.

• Travel of two trucks in opposite directions and different lanes.

• Travel of a single truck with changing lane at the middle of bridge length.

In the developed experiments, trucks travels the bridge with a fixed speed between

8 and 800 kilometer per hour (kph). The description of scenarios are explained in

Table 5.1 using the below legends:

• In the Direction columns:

– “X” represents that the truck goes towards direction X;

– “XY” represents that trucks go in opposite directions at a same time (truck

1 towards direction X and truck towards direction Y);

• In the Speed columns:

– “X” represent that the truck goes with speed X kph;
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– “X-Y” represent that truck 1 goes with speed X kph and truck 2 goes with

speed Y kph;

• In the Lane columns:

– “C” stands for center line of bridge, “N” stands for North lane and “S”

stands for South lane;

– “X-Y” represent that truck1 traverses in lane “X” and truck 2 traverses in

lane “Y”;

– “X—Y” represent that the truck strats the travel in lane “X” and and then

changes to lane ”Y” in the middle of bridge;

Table 5.1: Test logs

No. Direction Speed (kph) Lane

1 W 8 C
2 W 16 C
3 W 32 C
4 W 48 C
5 W 64 C
6 W 80 C
7 E 80 C
8 EW 8-8 S-N
9 EW 16-16 S-N
10 EW 32-32 S-N
11 EW 64-64 S-N
12 W 16 N—S
13 E 32 N—S

Figures 5.1, 5.2 and 5.3 show synchronized snapshots of traffic cameras from test

scenarios No.6, 9 and 13, respectively. These figures show the footage of cameras at

the 1
3
of the total time of scenarios in tests No.6 and No.9, and the 1

2
of the total time

of test scenario No.13. In test No.6, shown in Figure 5.1, a single truck traverses on

the bridge on its center line from East to West direction with a speed of 80 kph. In

test No.9, shown in Figure 5.2, two trucks traverse on the bridge with speeds of 16
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kph and in different directions. The truck on the North lane traverses towards the

West direction, and the truck on the South lane traverses towards the East direction.

In test No.13, shown in Figure 5.3, a single truck traverses on the bridge from West

to East direction starting on the North lane and changes the lane to the South one

in the middle of the bridge.
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Figure 5.1: Synchronized view of traffic cameras for test No.6 in which a single truck
traverses on the bridge on its center line from East to West direction with a speed of
80 kph.

The proposed traffic tracking method is applied on the test scenarios of Table 5.1.

For the sake of presentation, the results are shown in details for the test scenario

No.7 and cameras 4 and 6. These two cameras are installed at a same longitudinal

coordinate of bridge on the North and South shoulders of bridge (see Figure 4.10).
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Figure 5.2: Synchronized view of traffic cameras for test No.9 in which two trucks
traverse on the bridge with speeds of 16 kph and in different directions. The truck
on the North lane traverses towards the West direction, and the truck on the South
lane traverses towards the East direction.
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Figure 5.3: Synchronized view of traffic cameras for test No.13 in which a single truck
traverses on the bridge from West to East direction starting on the North lane and
changes the lane to the South one in the middle of the bridge.
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Figure 5.4 shows the synchronized recordings of cameras 4 and 6 at a given time

instant. As discussed in Section 4.1.1, each frame is processed to track the pixel

coordinates of fixed landmarks. For this purpose, the first frame of video recording of

each camera are shown to the user to manually select the landmarks. Then, landmarks

are being tracked in each camera recording using optical flow. The tracked location

of landmarks are shown by red circles in Figure 5.4.

Figure 5.4: Captured frames and tracked landmarks for: (a) C4, and (b) C6.

Vehicle tracking algorithm is applied on the recordings of Figure 5.4. The results

are shown in Figure 5.5. As can be seen in this figure, the truck is tracked in both

camera footage and its location is determined by a bounding box.

Figure 5.5: Vehicle detection and tracking in frame captured by: (a) C4, and (b) C6.

After tracking the vehicle, tire tracking algorithm is implemented inside each

detected bounding box to detect and extract the instance segmentation of vehicle’s

tires. The segmented tires are assigned a unique I.D. In Figure 5.6, the I.D. format is



54

denoted as ”Tire X-Y,” where X is categorized as F (front), M (middle), or R (rear),

and Y indicates the direction of the tire, distinguishing between N (North) and S

(South) lanes. Having the instance segmentation of tires, the coordinates of the outer

edge of tires’ contact points with the roadway are determined in the pixel coordinate

system. Figure 5.7 shows a closed look over the tracked location of tires’ contact

points. In this figure, the tracked location of the contact point of one tire from each

recording is shown.

Figure 5.6: Vehicle detection and tracking in frame captured by: (a) C4, and (b) C6.

Figure 5.7: Tracked contact points: (a) Tire R-N in frame captured by C4, and (b)
Tire R-S in frame captured by C6.

To transfer the location of the contact points of tires from pixel to the FE model
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coordinate system, the transformation matrix is established and applied to the pixel

coordinates of the tires’ contact points. The tracked location of tires in the FE

coordinate system are compared with the collected ground truths. For the given

time instant of Figure 5.4, the comparison is shown in Figure 5.8. Calculating the

euclidean distance between the ground truth and tracked location of tires reveals the

maximum variation of 26cm at the given time instant.

Figure 5.8: Comparison between the tracked ground truth location of tires at a given
time instant.

For a better understanding regarding the performance of the proposed traffic

tracking method, the prediction error is calculated as a function of truck location.

For this purpose, at each recorded frame of test No.7, the euclidean distance between

the ground truth and tracked location of all six tires are calculated and the maximum

value is reported. Figure 5.9 shows the maximum discrepancies between the prediction

and ground truth as a function of the location of vehicle. The maximum error is 33cm.

Figure 5.9: Variability of the maximum discrepancy between the tracked and ground
truth location of tires as a function of the centroid of vehicle on the length of bridge.
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5.2 Application of proposed method using real-

world data

After development of the proposed traffic tracking method and its validation using

simulation data in a VR environment, the performance of the method is evaluated

using real-world data. The real-world data consists of video recordings collected from

EY bridge. Unlike the VR simulation environment, the real-world setting does not

provide ground truth data, so the evaluation focuses on the feasibility of performing

detection and tracking, and manual review of the outputs ensuring the reasonable

results. Figure 5.10 shows a view of EY bridge, and Figure 5.11 shows the tri-axle

dump trucks. Sections 5.2.1 and 5.2.2 show a brief review of the first two steps of the

proposed method in Figures 3.1 and 3.2.

Figure 5.10: East Yutan (EY) bridge.
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Figure 5.11: Trucks on EY bridge: (a) Truck 1, and (b) Truck 2.

5.2.1 Instrumentation and data collection

5.2.1.1 Camera network

The network of traffic cameras was deployed using six Raspberry Pi cameras (also

referred to as traffic camera here) which were charged and run for six hours using

a 10,000 mAh battery pack. The cameras were installed on tripod supports placed

on the roadway shoulder at approximate height of six meters over the bridge deck.

The tripod legs were locked using sandbags. The traffic camera network recorded the

synchronized passage of traffic across multiple camera views with frame rate of 30 Hz.

A GPS (global positioning system) clock was added to the camera network serving

as a time server allowing for synchronized recordings from the cameras. Figure 5.12

shows the traffic cameras, battery packs and installation of traffic cameras on tripods

positions on the bridge shoulder. Figure 5.13 shows the layout of cameras and land-

marks, and Figure 5.14 shows a snapshot of camera recordings during passage of a

truck.

5.2.1.2 Accelerometer network

The acceleration response of the bridge was measured using two networks of wired

and wireless accelerometers. The wireless sensing network included battery-powered

triaxial MEMS wireless accelerometers and a V-Link-200 node [61]. The V-Link-
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Figure 5.12: Set up of traffic cameras (Raspberry Pi): (a) view of Raspberry Pi
cameras, tripod and sandbags, (b) close look to Raspberry Pi cameras mounted on
tripods, (c) Raspberry Pi cameras and battery packs being charged.

200, which was shared between the networks of cameras and wireless accelerometers,

was used for synchronization between the recordings of wireless accelerometers and

traffic cameras. Data collection and coordination between the wireless nodes were

carried out through the wireless USB data acquisition gateway. To install the ac-

celerometers, zinc-plated steel washers were glued to the bridge curbs, providing the

foundation for securely attaching the accelerometers using magnetic bases. The wired

accelerometer network included uniaxial piezoelectric accelerometers [72]. To install

the accelerometers, steel boxes were glued to the bridge curbs, providing the foun-

dation for securely attaching the accelerometers using bolts. Figure 5.15 shows the
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Figure 5.13: EY Bridge geometry and layout of traffic cameras and landmarks in the
real-world setting.

Figure 5.14: A snapshot of camera recordings on EY bridge.
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installed accelerometers.

Figure 5.15: Wired and wireless accelerometers at the shared spot: (a) side view, (b)
top view.

5.2.2 Pre-processing of video recordings

As mentioned in Chapter 3, prior to being used for the purpose of digital twinning, the

collected measurements require pre-processing. Pre-processing step includes signal

cleaning for collected acceleration responses and the four-phase traffic tracking process

on collected video recordings. This section presents the results of applying traffic

tracking process on the video recordings in which truck 1 traverses towards east

direction on the center line of bridge with the speed of 8 kph. This process is similar

to one explained in details in Section 5.1, but using real-world data. Figure 5.16

shows the synchronized frames captured by CR2 and CR3. Figure 5.16 shows the

synchronized frames captured by CR2 and CR3. Figure 5.17 and Figure 5.18 present

the vehicle tracking and tire tracking results implemented on the video recordings.
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Figure 5.16: Frames captured by camera: (a) CR2, and (b) CR3.

Figure 5.17: Vehicle detection and tracking in frame captured by: (a) CR2, and (b)
CR3.

Figure 5.18: Tire detection and tracking in frame captured by: (a) CR2, and (b)
CR3.
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Using the marked fixed landmarks on the bridge deck, and the same process as

explained in Section 5.1, the tracked location of tires are determined in the FE coor-

dinate system. Figure 5.19 shows a summary of data pre-processing process.Although

cleansing the acceleration measurements is not the focus of this study, the traffic track-

ing results demonstrate reasonable outputs. This provides a promising foundation for

future advancements in structural health monitoring and intelligent transportation

systems.

Figure 5.19: A schematic summary over data pre-processing step on EY bridge.
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Chapter 6

Conclusion and Future Work

6.1 Summary of research work performed and ma-

jor findings

The research work presented in this thesis was focused on development and evaluation

of a computer vision and deep learning components within an innovative technology-

based solution for operational health monitoring of bridge structures. For this pur-

pose, first, a new method for operational health monitoring of bridges was introduced

based on a multi-modal data fusion and physics-based Bayesian model updating tech-

nique to create the digital twin of the bridge structure. In this method, the bridge

structure is instrumented with networks of traffic camera and accelerometers to col-

lect video recordings of traffic and the resulting vibration response of bridge structure.

Computer vision and deep learning techniques are used to extract the time history of

the location of the tire of vehicles on the bridge. This information, is fused with the

collected vibration data and are used as input to a Bayesian inference. Using Bayesian

inference, finite element model of bridge is updated and time history of the dynamic

load of vehicles on the bridge are estimated. The updated model is interrogated for

health estimation of bridge, and the traffic data can be used to improve ITS.

The computer vision and deep learning components of the proposed health mon-

itoring approach were developed and evaluated using a virtual reality (VR) testing

platform. For this purpose, a two-lane 122m-long bridge road was simulated in Unity

and instrumented with 16 cameras. Traffics of one or two trucks ran on the bridge
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and the video recordings of cameras as well as the ground truth time history of the

location of tires were collected from VR. The video recordings were processed using

the proposed traffic tracking algorithm in which You Only Look Once (YOLO), Deep

Simple Online and Real-time Tracking (Deep SORT) algorithms and perspective map-

ping were implemented. Using the pre-trained YOLOv8, vehicles were classified and

detected through bounding boxes, and using Deep SORT, vehicles were tracked and

assigned with a unique identified (I.D.). Then, YOLOv8 and Deep SORT were imple-

mented on each bounding box to track the instance segmentation of tires. Having the

instance segmentation of tires, the contact point of tires with road were extracted in

pixel coordinate system. The perspective transformation between pixel and world (or

FE) coordinate systems were developed and used to transform the tire contact points

from pixel to world coordinate system. Vehicle detection carried out using pre-trained

(using COCO dataset) YOLOv8. However, for the purpose of tire instance segmen-

tation, this model was trained using the Google OpenImage dataset. Moreover, the

perspective transformation matrix was developed using the known location of fixed

landmarks in world and pixel coordinate system. To track the location of fixed land-

marks in video recordings, optical flow algorithm were implemented. Comparing the

tracked location of tires with the collected ground truth revealed maximum of 33 cm

error, which was an acceptable level of error for this preliminary study.

A preliminary assessment of proposed traffic tracking algorithm was carried out

in a real-world setting by instrumenting the East Yutan bridge in Nebraska with

networks of traffic cameras. Unlike the VR simulation environment, the real-world

setting did not provide ground truth data, so the evaluation carried out with manual

review ensuring reasonable results.

6.2 Recommendations for future research work

The work presented in this thesis represents the development of a crucial component

of a technology-based framework for operational health monitoring of bridges. This

component can be enhanced and improved in several aspects to accelerate a practical
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technology solution. Potential areas for improvement and future research are listed

below.

• Scaling the developed VR for larger number and variety of class of vehicles

traversing on the bridge, and studying its effect on the performance of traffic

tracking algorithm.

• Studying the environmental effects,e.g., light and precipitation, on the perfor-

mance of traffic tracking algorithm. For this purpose, it is required to simulate

VR scenarios covering different environmental conditions.

• Reducing the number of cameras deployed on the bridge and studying its effects

on the performance of traffic tracking algorithm. For this purpose, it is required

to simulate VR scenarios with various number of cameras deployed at different

locations.

• Studying the effect of tire tracking error on the digital twinning and health

monitoring results and suggest a maximum bound on error.

• Studying further real-world validation scenarios on different bridges and a larger

number of vehicles. The objective of these validation studies is to ensure the

stability of the proposed algorithm.

While the implementation of the first three items is relatively straightforward, the last

two present more significant challenges. These challenges stem from their complexity

and the advanced technical requirements needed for successful execution.
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