
ABSTRACT

ASADI BOROUJENI, KHASHAYAR. Visual Data Analytic and Robotics for Automated Construction
Performance Monitoring. (Under the direction of Edward Jaselskis).

The construction industry is one of the major economic sectors in most countries, with

9% to 15% of total Gross Domestic Product (GDP) being allocated to their built environment.

Despite this economic importance, this industry is suffering from low productivity and ineffi-

ciencies. During the past few decades, the productivity rate in many sectors has been steadily

increasing; however, this rate in the construction industry has barely increased, and it may

have even decreased. Automated systems and robotics are known as technologies that have

the potential to revolutionize the construction industry by addressing productivity challenges

while improving quality. Accordingly, the overall goal of this research is to increase the degree

of automation in construction applications. To achieve this goal, this research addresses three

specific objectives: (1) developing and deploying multi-agent autonomous systems for auto-

mated data collection, (2) proposing an automated registration of as-built video sequence (e.g.,

video captured during the first objective) to as-planned Building Information Model (BIM) in

real-time to facilitate as-built and as-planned data comparison, and (3) developing robotic

construction workers capable of performing different construction activities.

Regarding the first objective and to characterize the limitations of current techniques on real-

time performance and identify challenges in integration and implementation for construction

applications, this research focuses on developing and validating autonomous systems for

construction applications, especially data collection and construction monitoring. Over the

past few years, camera-mounted unmanned vehicles have received significant popularity for

developing vision-based data acquisition and construction monitoring. However, there are

still numerous open problems for further research, such as autonomous navigation in building

construction and a low computational complexity platform for streamlining the data collection

process. The first objective of the dissertation is to develop a cooperative UAV/UGV system

that dynamically collects and analyzes data with minimal human input. This system has the

potential to be used in several construction applications, such as site surveying, progress and

safety monitoring, and structural health monitoring.

Having accomplished the first objective, the next objective uses big visual data from the first

objective as as-built data to facilitate as-built and as-planned data comparison. Big visual data

analytics used in conjunction with BIM facilitates as-built and as-planned data comparison,

which enables early detection of potential schedule delays and facilitates the communication

of progress information accurately and quickly. The second objective proposes an automated



registration of a video sequence (i.e., a series of image frames) to an as-planned BIM in real-

time. As part of this effort, the camera poses of image frames are discovered in the 3D model

coordinate system by performing an augmented monocular Simultaneous Localization and

Mapping (SLAM) and perspective detecting and matching between the image frames and

their corresponding BIM views. This system automates visual data localization with respect to

BIM in real-time, which can facilitate communication on job sites by associating quality and

progress with visuals (being collected by robotics systems in the first objective) that are in the

BIM coordinate system. This is particularly useful in addressing limitations of state-of-the-art

localization algorithms and has the potential to be used for the localization of any entity (e.g.,

worker, equipment, etc), especially in indoor environments where other localization algorithms

such as GPS are inefficient.

The last objective is to increase the degree of automation in different construction activi-

ties by developing robotic construction workers. The number of applications of automated

platforms to work with human workers on construction sites has exponentially grown in the

past few years. They are used for various activities, including floor cleaning, wall building, data

collection, and inspection. However, the implementation of robots on construction sites is

still limited. As more cost-effective applications are found, their use in practice will increase.

Repetitive building tasks have been a target for automation studies. The last objective of this

thesis further improves the UGV in the first objective to perform repetitive construction activi-

ties such as material handling and site cleaning autonomously. This system integrates scene

understanding and autonomous navigation with object grasping. This integrated system uses

a global-to-local control planning strategy to reach the objects of interest. Then, the scene

perception in integration with grasping and control planning enables the system to detect

the objects of interest, pick, and place them in a predetermined location depending on the

application. Since the system is capable of scene understanding and 3D correlation between

an unmanned vehicle, robotic arm, and 3D space, the system has the potential to be used for

other construction applications such as wall painting and automated assembly in near future.

This system can significantly improve safety in projects where workers are exposed to harsh

and dangerous working environments (e.g., nuclear projects).
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CHAPTER

1

INTRODUCTION

1.1 Observed Problem

In the past decade, the construction industry has struggled to improve its productivity while

the manufacturing industry has experienced a dramatic productivity improvement ( 1). In

addition to the inef�ciency issue, in recent years, the US construction industry has suffered

from severe labor shortages ( 2). The de�ciency of advanced automation in construction is

one possible reason (3). Increasing the degree of automation in construction activities has

the potential to address these labor shortages and productivity issues. On the other hand,

systematic and frequent monitoring of construction progress has been repeatedly reported

as a major component of project controls that can help reduce schedule and cost overruns

(4; 5). Although there were various attempts by researchers to automate construction progress

monitoring ( 6; 7; 8; 9; 10; 11), current practices of data collection and analysis are still manual,

time-consuming, costly, and error-prone.( 12). If automated, the time spent on data collection

can be better spent by the project management team, responding to any progress deviations by

making timely and effective decisions. Accordingly, the overall goal of this research is to increase

the degree of automation in construction applications. To achieve this goal, this research

addresses three speci�c objectives: (1) developing and deploying multi-agent autonomous

systems for automated data collection, (2) proposing an automated registration of as-built
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video sequence to as-planned Building Information Model (BIM) in real-time to facilitate

as-built and as-planned data comparison, and (3) developing robotic construction workers for

different construction activities, such as material handling and site cleaning. In the following,

research efforts to automate each task are summarized and research gaps related to each task

are mentioned.

To automate the data acquisition process, in the past few years, semi-autonomous and

autonomous unmanned aerial and ground vehicles (UVs) have received signi�cant popularity

for acquiring as-built data from the construction site ( 10; 11; 13; 9). Compared to conventional

manual practices, the UV applications for collecting as-is information have been proven to

be safe, ef�cient, and cost-effective ( 9; 14). However, there are still numerous open problems

for further research such as autonomous navigation in a construction environment and a low

computational complexity platform for streamlining the data collection process. Deploying

more sophisticated vision-based techniques to run in real-time on embedded platforms with

relatively lower processing powers is a major challenge due to the limited payloads, sources of

power, and sizes of the UVs. Moreover, live-streaming visual and sensory data to be processed

in real-time is also a challenge.

For ef�cient construction performance monitoring, the as-built condition from the col-

lected data needs to be compared with as-planned data from BIM, in an automatic manner

(15; 16; 17; 18). Nowadays, high-resolution and cheap digital cameras have increased the

frequency of collecting data ( 19). Camera networks on construction sites, as a promising

form of as-built data acquisition method, have received increasing attention in recent years

(15; 6; 12; 20). Moreover, they have reduced the price of acquiring and maintaining videos and

photographs ( 6). Digital cameras enable an as-built scene to be observed from a wide range of

angles and viewing positions during construction. However, unless the captured images and

videos are aligned with respect to as-planned data (BIM), they cannot be used for automated

inference of construction progress. BIM involves the generation and management of digital

representations of the physical and functional characteristics of places. So, there is an essen-

tial demand for automated visual data localization with respect to BIM in real time. For this

purpose, many research studies have focused on registering images and image-based point

clouds to BIM. These registered (or integrated) models have the following limitations: (1) the

registration of visual data (i.e., images and videos) with BIM is not fully automated and is not in

real-time, and (2) the image-based 3D reconstruction in these studies has not been validated

for indoor environments.

In recent years, the development of on-site semi-automated and automated unmanned

vehicles (UVs) is growing for a variety of construction applications, such as wall painting ( 21),

building components production ( 22), components assembly ( 23), joint �lling ( 24), and inspec-
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tion ( 25). However, the implementation of UVs on construction sites, especially ground vehicles,

is still rare or underutilized ( 26). The use of robotic arms for object manipulation has been

investigated by automation studies, considering the cost and time required for different tasks

(27). Most of the existing solutions for object manipulation using robotic arms are immobile,

where systems are stationary and embedded within a highly structured workspace containing

all necessary tools (e.g., automated component assembly in a manufacturing environment).

This limitation makes such systems impractical for construction applications that require

mobility such as material handling and site cleaning.

1.2 Research Goals

The overall goal of this research is to increase the degree of automation in construction appli-

cations. As such, �rst sub-goal is to automate the data collection process by developing an

integrated multi-agent and multi-modal autonomous system that can serve as a global solution

to the outlined challenges on productivity. This global solution can lead to effective monitoring

of a changing environment with minimal human input. To effectively monitor construction

progress, a UV platform should have the following capabilities: 1) the ability to collect multiple

types of sensory and visual data that are required for construction performance monitoring,

2) the ability to process the collected data in real-time using a low computational complex

platform and 3) capability to navigate ef�ciently and autonomously on a construction site ( 28).

In the following, each capability is explained in more detail and corresponding studies that

enable these capabilities are described.

The �rst capability is the result of study 1. The proposed system in the �rst study, which is

capable of autonomous navigation and scene understanding (detecting obstacles and pathways

in the environment), is the �rst effort in construction to develop an automated data collection

system using an unmanned ground vehicle (UGV). The system also offers signi�cant gains

over similar systems used in other industries. These are: (1) this system presents the �rst use

of a monocular camera for generating a navigable map of the environment for autonomous

navigation. (2) This is also the �rst system that integrates multiple modules in real-time for

scene understanding, localization, and mapping on a single modular framework. Usually, such

algorithms are computationally heavy and have been tested before on computers with high

computing capabilities which are signi�cantly expensive. However, in the proposed system the

algorithms are implemented in real-time on much smaller and inexpensive processors that

can easily be mounted on the ground robot. This enables us to save computational effort and

cost, making our system practical over existing systems.

The second capability comes from the second study, where an ef�cient and light semantic
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segmentation network is proposed. This network is faster, has fewer parameters, and has

less model size while providing similar accuracy compared to existing models. Therefore,

the computational load (model size) and latency are reduced which results in a real-time

performance of the system while running multiple modules on the same processor.

Study 3 enables the third capability which is ef�cient navigation in an indoor and cluttered

construction site. This study designs a UAV-UGV team that integrates two custom-built mobile

robots. The UGV autonomously navigates through space, leveraging its sensors. The UAV acts

as an external eye for the UGV, observing the scene from a vantage point that is inaccessible to

the UGV.

The second sub-goal is to facilitate as-built and as-planned data comparison. The bottle-

neck of past studies on vision-based as-built and as-planned data comparison in automating

their monitoring framework is data collection and registration with BIM. To bridge this gap

and make the process completely autonomous and real-time, this study proposes a computer

vision-based algorithm that automates the registration of a video sequence (e.g., visual data

captured during the �rst sub-goal) to an as-planned Building Information Model (BIM) in

real-time. This method will serve as an enabling factor for fully automating past studies on

vision-based progress inference ( 29; 16; 15) given the visual representation of as-built models

aligned with BIM. Moreover, it will facilitate communication on job sites by associating quality

and progress with visuals that are in the BIM coordinate system. The proposed method dis-

covers the camera poses of image frames in the 3D model coordinate system by performing

an augmented monocular SLAM and perspective detecting and matching between the image

frames and their corresponding BIM views. The results demonstrate the effectiveness of the

real-time registration of images with BIMs.

The third sub-goal is to increase the degree of automation in some repetitive construction

activities by further improving the UGV developed in the �rst sub-goal. On-site robotic systems

can enhance productivity by performing highly repetitive and tedious tasks (e.g., material

handling and site cleaning); thus, construction workers can focus on more complex tasks

that humans can do better than robots. The proposed system integrates scene understanding

and autonomous navigation with object grasping. This integrated system uses a global-to-

local control planning strategy to reach the objects of interest. Then, the scene perception in

integration with grasping and control planning enables the system to detect the objects of

interest, pick, and place them in a predetermined location depending on the application. Since

the system is capable of scene understanding and 3D correlation between an unmanned vehicle,

robotic arm, and 3D space, the system has the potential to be used for other construction

applications such as wall painting and automated assembly in near future. This system can

signi�cantly improve safety in projects where workers are exposed to harsh and dangerous
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working environments (e.g., nuclear projects).

1.3 Research Method Overview

To achieve these goals, the research is divided into �ve studies (see Figure 1.1)

Study 1: Vision-based Integrated Mobile Robotic System for Real-time Appli-

cations in Construction

To automate the process of data collection and construction monitoring, this study presents

an integrated robotic system that is designed for outdoor navigation by incorporating a stack

of NVIDIA Jetson TX1 boards and a monocular camera. The Jetson boards are used to process

the localization, mapping, motion planning, and context awareness tasks in the proposed

system to create an occupancy map with detected obstacles in real time. The proposed system,

which is capable of autonomous navigation and scene understanding (detecting obstacles and

pathways in the environment), has the potential to be used in several construction applications,

such as site surveying, progress, and safety monitoring, and structural health monitoring.

The proposed system is a step forward in making intelligent and contextually aware robots

ubiquitous. The results also demonstrate the potential for enabling a computer vision system

for autonomous navigation to lead to automatic construction performance monitoring and

condition assessment purposes.

Study 2: LNSNet: Lightweight Navigable Space Segmentation for Autonomous

Robots on Construction Sites

The two major bottlenecks of the proposed system in study 1, in terms of computational loads,

were SLAM and segmentation. For this reason, there was a designated Jetson board for each of

these tasks. This is a major challenge in developing an autonomous robot because it increases

its size and weight, especially with added batteries. Moreover, the problem becomes even more

challenging if this robotics system was to be applied to an unmanned aerial vehicle (UAV).

Combining the SLAM and Context-Awareness Modules into the same Jetson TX1 would help

to mitigate this problem, but the large size of the segmentation model and the high memory

usage, make this solution practically unfeasible. The major goal of study 2, is to present a

deep convolution neural network (CNN) that reduces the computational load (model size)

to reduce the latency by running multiple modules on the same Jetson. This model can run

on an embedded platform to determine navigable space in real-time. The core of the model
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architecture is a new block based on separable convolution which compresses the parameters

of the present residual block meanwhile maintaining accuracy and performance. The proposed

model is faster, has fewer parameters, and has less model size while providing similar accuracy

compared to existing models. A new pixel-level annotated dataset for real-time and mobile

navigable space segmentation in a construction environment has been constructed for the

proposed method. The results demonstrate the effectiveness and ef�ciency that are necessary

for the future development of autonomous robotics systems.

Study 3: Real-time Image Localization and Registration with BIM Using Per-

spective Alignment for Indoor Monitoring of Construction

This study focuses on what happens after visual data from Study 1 is collected. Big visual data

analytics used in conjunction with BIM facilitates as-built and as-planned data comparison,

which enables early detection of potential schedule delays and facilitates the communication of

progress information accurately and quickly. The proposed system automates the registration

of a video sequence (i.e., a series of image frames) to an as-planned Building Information

Model (BIM) in real time. This method discovers the camera poses of image frames in the

BIM coordinate system by performing an augmented monocular Simultaneous Localization

and Mapping (SLAM) and perspective detecting and matching between the image frames and

their corresponding BIM views. The results demonstrate the effectiveness of the real-time

registration of images with BIMs. The presented method can potentially fully automate past

studies that automate progress inference, given a visual representation of as-built models

aligned with BIM. Moreover, it will facilitate communication on job sites by associating quality

and progress with visuals that are in the BIM coordinate system.

Study 4: An integrated UGV-UAV system for construction site data collection

The proposed UGV in Study 1 is inef�cient for autonomous navigation in a cluttered indoor

scene where all the locations are not accessible by the UGV for data collection. Sites occluded

with barriers or surfaces with different elevations are some examples of such scenes. To address

this issue, Study 4 proposes a mobile robotic system that integrates a UAV with the UGV. The

UGV autonomously navigates through space, leveraging its sensors. The UAV acts as an external

eye for the UGV, observing the scene from a vantage point that is inaccessible to the UGV. The

relative pose of the UAV is estimated continuously, which allows it to maintain a �xed location

that is relative to the UGV. The key aspects for the development of this system that is capable of

autonomous navigation are the localization of both UAV and UGV, mapping of the surrounding
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environment, and ef�cient path planning using multiple sensors. The proposed system is

tested in an indoor and cluttered construction-like environment. The performance of the

system demonstrates the feasibility of developing and deploying a robust and automated data

collection system for construction applications in the near future.

Study 5: Automated Object Manipulation Using Vision-Based Mobile Robotic

System for Construction Applications

This study presents a mobile robotic system capable of vision-based object manipulation

for construction applications. This system integrates scene understanding and autonomous

navigation with object grasping. To achieve this, two stereo cameras and a robotic arm are

mounted on a mobile platform. This integrated system uses a global-to-local control planning

strategy to reach the objects of interest (in this study, bricks, wood sticks, and pipes). Then,

the scene perception, together with grasp and control planning, enables the system to detect

the objects of interest, pick, and place them in a predetermined location depending on the

application. The system is implemented and validated in a construction-like environment for

pick-and-place activities. The results demonstrate the effectiveness of this fully autonomous

system using solely onboard sensing for real-time applications with end-effector positioning

accuracy of less than a centimeter.

Figure 1.1: Research Summary
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1.4 Dissertation Format

This dissertation is organized in the form of �ve journal articles. Therefore, each of the subse-

quent chapters contains its abstract, motivation and background, theoretical and practical

contributions, research methods, and conclusions.

Chapter 2 discusses study 1 which proposes a mobile robotic platform for automated data

collection in construction projects. The two major bottlenecks of the proposed system in study

1, in terms of computational loads, are SLAM and semantic segmentation modules. Therefore,

Study 2 in Chapter 3 presents an ef�cient semantic segmentation method that reduces the

computational load (model size) to reduce the latency by running multiple modules on the

same processor.

Chapter 4 presents study 3 which proposes an automated registration of a video sequence

(e.g., visual data captured in study 1) to an as-planned BIM in real-time to facilitate as-built

and as-planned data comparison.

Study 4 in Chapter 5 addresses one of the major limitations of the practicality of the robotic

system developed in Study 1. The system proposed in study 1 is inef�cient in indoor and

cluttered scenes with many obstacles and barriers, where some places are inaccessible by a

UGV. Study 4 proposes a cooperative UAV / UGV system, where the UAV acts as an external eye

for the UGV, observing the scene from a vantage point that is inaccessible to the UGV.

Chapter 6 further improves the UGV presented in study 1 to become capable of doing some

repetitive construction tasks besides data collection. This study focuses on the development

of a robotic construction worker capable of vision-based object manipulation. Chapter 7,

discusses the Practical implications of study 3 in advanced project planning and controls.

Finally, chapter 8 summarizes the research and discusses potential future work that can be

pursued by extending the work presented in this dissertation.

1.5 Authorship Statement

The above-mentioned studies are all interdisciplinary research studies to develop complex

robotics and automated systems. The development of such complex systems requires col-

laboration between researchers from different departments with different backgrounds. This

section clari�es the contribution of each author in detail for all �ve studies. Please note that

Asadi was the First author and corresponding author for all �ve publications.
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1.5.1 Study 1: Vision-based Integrated Mobile Robotic System for Real-time

Applications in Construction

This research was published in the Elsevier Journal of Automation in Construction (30). The

overall goal of the project was to build an integrated mobile robotic system for autonomous

data collection. This system consists of four different modules: SLAM Module, Context Aware-

ness Module, Mapping Module, and Control Module. Asadi was a SLAM Module team member

and worked on robot localization. He was selected as the project leader by Dr. Han, Dr. Wu, and

Dr. Lobaton to make the system more robust and prepare this research study for publication.

He was responsible for the integration of all the separated modules. The hardware setup was

performed by the master's students from the Electrical and Computer Engineering Depart-

ment. As the system became ready for the experiment, Asadi performed data collection and

experiments for system validation purposes. He also computed the hardware utilization of

each module to optimize the real-time performance of the system. Asadi wrote the �rst draft of

the paper based on his general knowledge of the system. Since he was the leader of the project,

he was aware of the details of each module which helped him for designing the structure of

the paper and describe the capabilities of each module. Then he shared the draft with other

authors for further modi�cations. Table 1.1 shows the contribution of each author in more

detail.

H. Ramshankar: Ramshankar was an ECE master's student. He was a SLAM Module Team

member. He was involved in implementing ORB-SLAM 2 algorithm for robot localization.

H. Pullagurla: Pullagurla was an ECE master's student. He was a Context Awareness Module

Team member. He was involved in implementing semantic scene segmentation to make the

robot contextually aware of its surrounding environment.

A. Bhandare: Bhandare was an ECE master's student. She was a Context Awareness Module

Team member. She was involved in implementing semantic scene segmentation to make the

robot contextually aware of its surrounding environment.

S.Shanbhag: Shanbhag was an ECE master's student. He was a Control Planning Module

Team member. He was responsible for communication between the Raspberry Pi and the robot

platform for navigation purposes.

P. Mehta: Mehta was an ECE master's student. She was a Context Awareness Module Team

member. She was involved in implementing semantic scene segmentation to make the robot

contextually aware of its surrounding environment.

S.Kundu: Kundu was an ECE master's student. He was a Mapping Module Team member.

He was responsible for generating the occupancy grid map for the robot's navigation.

K. Asadi: Asadi was a SLAM Module team member. He was involved in implementing
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ORB-SLAM 2 algorithm for robot localization. As the leader of the project, he was responsible

for integrating all the different modules. He did the data collection and performed multiple

experiments for system validation. He also computed the hardware utilization of each module

for possible optimization of the real-time performance in future studies. He prepared the �rst

draft of the paper and shared it with the rest of the authors to get their feedback.

Dr. Han, Dr. Wu, and Dr. Lobaton are professors involved in this project and they did overall

management and advising throughout the project.

Table 1.1: Authors contribution disclosure for the �rst study

Conceptualization Method
Formal
Analysis

Data
Collection

Experiment Validation
Draft
Preparation

K. Asadi
H. Ramshankar
H. Pullagurla
A. Bhandare
S. Shanbhag
P. Mehta
S. Kundu
K. Han, E. Lobaton, and T. Wu (professors): Overall management and advising throughout the study.

1.5.2 Study 2: LNSNet: Lightweight Navigable Space Segmentation for Au-

tonomous Robots on Construction Sites

This paper was published in the MDPI Data Journal (31). The overall goal of the project was

as follows: 1) proposing an ef�cient semantic segmentation model with smaller model size

and faster inference speed, compared to the existing ENet segmentation model, for future

development of autonomous robots on construction sites. 2) Creating a new pixel-level anno-

tated dataset for mobile navigable space segmentation in construction environments to deal

with the limited number of training datasets. Asadi was responsible for all the project steps

from conceptualization to draft preparation. In this project, Chen had a great role in making

the model more ef�cient. He investigated the idea of replacing the standard convolutional

layers with depth-wise separable convolutional layers in the proposed model. He was an expert

in Tensor�ow deep learning framework and he made Asadi familiar with this framework for

the model training and testing process. Asadi collected and annotated the data to train both

models (ENet and LNSNet). He trained the models using the Tensor�ow framework with the

same training data and parameters. Finally, he compared the models' performance using the

test data to validate the ef�ciency of the proposed model. Table 1.2 shows the contribution of
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each author in more detail.

K.Asadi: Asadi was selected as the project leader by Dr. Han in this project. He did a con-

ceptual study by doing a rich literature review. He used the semantic segmentation model

developed by P. Chen to collect data and create a new pixel-level annotated data set for ground

robots' autonomous navigation. He performed model training and testing. He �nally com-

pared the proposed model performance with the state-of-the-art segmentation algorithm and

validated the model. He prepared the �rst draft of the paper and shared it with P. Chen to get

his feedback.

P.Chen: Chen was an undergrad computer science student. He had a major contribution

in replacing the standard convolutional layers with depthwise separable convolutions layers

in the proposed model. He provided the model to Asadi to train and test the model on the

collected dataset.

Dr. Han, Dr. Wu, and Dr. Lobaton are professors involved in this project and they did overall

management and advising throughout the project.

Table 1.2: Authors contribution disclosure for the second study

Conceptualization
Literature
Review

Method
Formal
Analysis

Data
Collection

Experiment Validation
Draft
Preparation

K. Asadi
P. Chen
K. Han, E. Lobaton, and T. Wu (professors): Overall management and advising throughout the study.

1.5.3 Study 3: Real-time Image Localization and Registration with BIM

Using Perspective Alignment for Indoor Monitoring of Construction

This paper was published in the ASCE Journal of Computing in Civil Engineering (32). The

overall goal of the project was to register as-built video sequences to as-planned BIM in an

automatic manner and in real-time. Asadi was responsible for all the project steps from con-

ceptualization to draft preparation. In designing the iterative process, visualization of different

BIM views having different locations and orientations for the camera was necessary. Noghabaei,

who was an expert in game engines, suggested Unity 3D for this visualization purpose. He

made Asadi familiar with this software. After adequate training, Asadi imported the BIM model

to Unity and visualized different BIM views by changing the location and orientation of the

camera within the model. Ramshankar was the other author of the paper who solved the scale

issue of the SLAM algorithm. He �xed the SLAM scale issue by saving the scale in the �rst run
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of SLAM in each environment and restricting the SLAM to run with the same scale on the same

map for further data collection. Table 1.3 shows the contribution of each author in more detail.

K. Asadi: Asadi was responsible for all the project steps, from feasibility study, conceptual-

ization, and method development to the draft preparation and submission. He developed an

iterative process to recover the 3D view of any given image frame by detecting and matching

the perspective of each image with its corresponding BIM view. He contributed with two more

Ph.D. and Master's students.

M. Noghabaeie: Noghabaei was a Civil Engineering Ph.D. student who helped Asadi to

become familiar with Unity Game Engine for 3D model visualization. He helped Asadi to learn

the concept of model visualization using this software. However, all the codes in Unity using

C# programming language were developed by Asadi in this project.

H. Ramshankar: Ramshankar was an ECE master's student. He solved one of the limitations

of the monocular ORB-SLAM algorithm and made it applicable to this project. The camera tra-

jectory in ORB-SLAM is unitless. Ramshankar, �xed the trajectory scale in the SLAM algorithm

to solve this issue.

Dr. Han was the professor involved in this project and he did overall management and

advising throughout the project.

Table 1.3: Authors contribution disclosure for the third study

Conceptualization Method
Formal
Analysis

Data
Collection

Experiment Validation
Draft
Preparation

K. Asadi
H. Ramshankar
M. Noghabaei
K. Han: Overall management and advising throughout the study.

1.5.4 Study 4: An integrated UGV-UAV system for construction site data

collection

This study was published in the Elsevier Journal of Automation in Construction (33). Please note

that developing such a complex robotics system that contains two robots requires a team of

dedicated researchers with different backgrounds. The overall goal of the project was to develop

a UAV-UGV team that integrates two custom-built mobile robots. The UGV autonomously

navigates through space, leveraging its sensors. The UAV acts as an external eye for the UGV,

observing the scene from a vantage point that is inaccessible to the UGV. This system consists
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of �ve different modules: SLAM for the UGV, Context-Awareness for the UGV, Control Planning

for the UGV, Control Planning for the UAV, UAV Localization, and Tracking. Asadi was a Context-

Awareness Module team member. He was assigned as the leader of the project to make the UGV

and UAV Localization and tracking more robust and to develop robust communication between

the UGV and the UAV. As part of the project he proposed and implemented the UAV control

system to consistently track the UGV for construction applications. He was also responsible

for the integration between all the modules through the Robot Operating system (ROS). The

hardware setup for the UGV was performed by the master students from the Electrical and

Computer Engineering Department. Asadi and Ender set up the UAV hardware. As the system

became ready for the experiment, Asadi performed several experiments for system validation.

Finally, Asadi computed the hardware utilization of each module to optimize the real-time

performance of the system. Since he was the leader of the project, he was aware of the details

of each module which helped him for designing the structure of the paper and describe the

capabilities of each module. Finally, Asadi was the only author who wrote the paper draft and

made it ready for publication. Table 1.4 shows the contribution of each author in more detail.

K. Asadi: Asadi implemented the previously proposed scene segmentation algorithm on

the ground robot platform. He also implemented the RTAB-MAP SLAM algorithm on the UGV

for localization purposes. He integrated all the separate modules through ROS and enabled

real-time communication between the modules by collaboration with A. Edner. He proposed

and implemented a control planning algorithm for the UAV to continuously follow the UGV

and enabled real-time communication between them.

A.K. Suresh: Suresh was an ECE master's student. He was a UGV context Awareness Module

team member. The UGV Context Awareness Module initially implemented a semantic scene

segmentation method on the UGV, however, this method was replaced later by Asadi with a

lighter / faster algorithm.

A. Ender: Ender was an ECE master's student. He worked on the UAV control Planning

module. The UAV control Planning team initially failed to develop a robust algorithm for

UAV Navigation. Finally, Asadi proposed a robust algorithm and collaborated with Edner to

implement it on the UAV Raspberry Pi.

S. Gotad: Gotad was an ECE master's student. He was a UGV SLAM Module team member.

He implemented the ORB-SLAM 2 algorithm for UGV localization purposes which was replaced

later by Asadi with the RTAB-MAP algorithm. RTAB-MAP was more robust for the UGV in this

project.

S. Maniar: Maniar was an ECE Master's student. He was a UAV Localization Module team

member. He implemented the Vins-Mono SLAM algorithm on the UAV which was vital for UAV

navigation.
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S. Anand: Anand was an ECE master's student. He was a UGV Control Planning Module team

member. He developed the motor control system. He also implemented the RRT algorithm for

the UGV autonomous Navigation.

M. Noghabaei. Noghabaei was a CCE Ph.D. student. He was a Blimp Control Planning

Module team member. The Blimp Control Planning Module team could not develop automated

navigation. However, Asadi used their Raspberry Pi to develop and implement an automated

Navigation for the UAV which could continuously follow the UGV and communicate with it in

real-time. This was one of the major contributions of the research study.

Dr. Han, Dr. Wu, and Dr. Lobaton were professors involved in this project and they did

overall management and advising throughout the project.

Table 1.4: Authors contribution disclosure for the fourth study

Conceptualization
Literature
Review

Method
Formal
Analysis

UAV/ UGV
Integration

Experiment Validation
Draft
Preparation

K. Asadi
A. K. Suresh
A. Ender
S. Gotad
S. Maniyar
S. Anand
M. Noghabaei
K. Han, E. Lobaton, and T. Wu (Professors): Overall management and advising throughout the study.

1.5.5 Study 5: Automated Object Manipulation Using Vision-Based Mobile

Robotic System for Construction Applications

Dr. Han and Dr. Ore were professors involved in this project and they did overall management

and advising throughout the project. Table 1.5 shows each author's contribution in more detail.

This paper was published in ASCE Journal of Computing in Civil Engineering (34). The project's

overall goal is to develop a mobile robotic system capable of vision-based object manipulation

for construction applications. This robotic system consists of �ve different modules: SLAM

Module, Context Awareness Module, Control Planning Module, Robotic Arm Module, and

UGV Module. Asadi was responsible for SLAM, Context Awareness, Control Planning, and UGV

Module. The state-of-the-art SLAM module was implemented in this research. Regarding the

Context-Awareness Module, Asadi collected visual data for the detection of objects of interest

and trained the Context-Awareness Module with the collected data. Moreover, he designed and

developed the global-to-local navigation of the UGV. He also implemented ef�cient control
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planning for the robotic arm to perform pick-and-place tasks. He collaborated with Haritsa, a

master's student from the Electrical and Computer Engineering Department, to integrate the

Robotic Arm Module with the UGV modules through ROS. As the system became ready for the

experiment, Asadi collected the data and performed several experiments for system validation.

He computed the hardware utilization of each module to optimize the real-time performance

of the system. Finally, Asadi prepared the paper draft and submitted the paper.

Table 1.5: Authors contribution disclosure for the �fth study

Conceptualization
Literature

Review
Method

Formal

Analysis

Data

Collection
Experiment Validation

Draft

Preparation

K. Asadi

V. Haritsa

K. Han, J. Ore (Professors): Overall management and advising throughout the study.
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CHAPTER

2

VISION-BASED INTEGRATED MOBILE

ROBOTIC SYSTEM FOR REAL-TIME

APPLICATIONS IN CONSTRUCTION

2.1 Abstract

To increase the degree of automation and frequency of data collection for monitoring construc-

tion sites, there has been a rapid increase in the number of studies, in the past few years, that

developed and / or examined mobile robotic applications in construction. These vision-based

platforms capable of autonomous navigation and scene understanding are becoming essential

in many construction applications, namely construction site surveying, work-in-progress mon-

itoring, and existing structure inspection. Simultaneous Localization and Mapping (SLAM)

and object recognition for proper context-aware motion planning are some of the core vision

techniques that are driving innovation for these robotic systems. To characterize the limitations

of current techniques on real-time performance and identify challenges in integration and

implementation for construction applications, this paper proposes a mobile robotic platform

that incorporates a stack of embedded platforms with integrated Graphical Processing Units

(GPUs). This paper presents three case studies to evaluate the performance of the proposed
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system. The results demonstrate the robustness and feasibility of developing and deploying an

autonomous system in the near future.

2.2 Introduction

Reducing uncertainties is one of the major challenges that need to be overcome in the con-

struction industry. Construction progress monitoring has been recognized as one of the key

elements that can reduce uncertainties ( 35). Although many research studies have made an

effort to automate construction progress monitoring to increase frequencies and accuracy

(36; 6; 9; 10; 11; 37), current practices of data collection and analysis are still manual, time-

consuming, costly, and error-prone.( 12). To address these challenges, in the past few years,

semi-autonomous and autonomous unmanned aerial and ground vehicles (UVs) have received

signi�cant popularity for acquiring site images (10; 11; 13; 9).

However, typical autonomous UVs on job sites are limited to GPS-based navigation ( 38;

39; 40). Some are partially supplemented by simple vision-based systems ( 41). Deploying

more sophisticated vision-based techniques to run in real-time on embedded platforms with

relatively lower processing powers is a major challenge due to the limited payloads, sources of

power, and sizes of the UVs. Moreover, live-streaming visual and sensory data to be processed

in real-time is also a challenge.

To effectively monitor construction progress, a UV platform should have the following

capabilities: 1) autonomous navigation, 2) the ability to collect multiple types of sensory and

visual data, and 3) having a low computational complexity platform to process the collected data

in real-time ( 28). To address the aforementioned needs, this paper brings together state-of-the-

art algorithms that can make autonomous navigation, mapping, and context awareness feasible

in construction scenarios. This work can also lead to an autonomous robotics application that

helps achieve a higher degree of automation in construction monitoring.

Mobile robotic systems capable of autonomous navigation have been integral components

in a number of applications, including warehouse management ( 42; 43), surveillance and

security ( 44), and self-driving automobiles ( 45). Recently, techniques that incorporate visual

sensing (46) as well as deep learning ( 47) have enabled the use of these platforms in more

unconstrained environments. These advances enable the construction of maps of unknown

environments using Simultaneous Localization and Mapping (SLAM) ( 48) and provide contex-

tual awareness by extracting semantic information about the objects that are present in the

surroundings in order to make situation-speci�c decisions (e.g., letting pedestrians cross the

street and following cars on the freeway).

Continual developments in embedded systems have enabled the analysis of complex data
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streams in real-time, thanks to powerful and portable processing units. These capabilities have

a key role in performing tasks such as 3D visual localization and tracking of targets. Systems

with such potencies are also well-suited for environmental monitoring using a combination of

cameras, microphones, and sensors for temperature, air quality, and pressure ( 49; 50). Still, there

are few compact platforms that combine state-of-the-art hardware with accessible software

and open-source design.

To achieve this goal, in this paper, a mobile robotic platform is designed for outdoor navi-

gation, which builds on the Clearpath Husky mobile robotic platform (51) by incorporating a

stack of NVIDIA Jetson TX1 boards ( 52) and a monocular camera. The Jetson boards are low-

power embedded devices with integrated Graphical Processing Units (GPUs). They are used

to process the localization, mapping, motion planning, and context awareness (via semantic

image segmentation) tasks in the proposed system, as illustrated in Figure 5.1. The capabilities

of the proposed system are reported and it is tested in different outdoor scenes ranging from

construction sites and campus areas to outdoor parking lots which represents the applicability

of this pipeline to diverse outdoor scenes in near real-time.

The remainder of the paper is organized as follows: The Background Section presents a

literature review on SLAM, scene understanding, and integrated robotic systems, which are

the primary sub-tasks in the proposed approach. Multiple UV platforms are also surveyed as

the related efforts for automated construction monitoring. The System Overview and System

Description Sections describe the system overview, hardware modules, and the algorithms

used to implement the processing pipeline. The experimental setup and results are presented

in the System Evaluation and Result Sections. The conclusions and future works are discussed

in the Conclusion Section.
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Figure 2.1: Overview of system components-hardware and different modules, context aware-
ness, control, SLAM, and mapping

2.3 Background

The proposed system uses monocular SLAM and image segmentation methods for machine

vision and contextual understanding of a scene. This system integrates these two methods

into a robotic system. Therefore, this section provides background information for monocular

SLAM (visual SLAM using a camera), visual scene understanding, integrated robotic systems,

and UV platforms for automated construction monitoring purposes.

2.3.1 Monocular SLAM

With a rapid increase in processing power and recent advances in computer vision, the devel-

opment of vision-based integrated robotics systems has become feasible. Monocular SLAM
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that requires heavy computing powers can now run in real-time (53; 54; 55; 56; 57; 58; 59).

LSD-SLAM (54) is based on direct image alignment using image intensities and moreover,

it does not use features. On the other hand, feature-based monocular SLAM performs feature

detection and matching to recover structure from motion ( 53; 55; 56). ORB-SLAM is based

on ORB features (53) that can run in real time. For ef�cient and reliable computation, it uses

the same features for tracking, mapping, re-localization, and loop closure. VINS-mono ( 59)

is a visual-inertial approach that uses an optimization-based sliding window formulation for

providing high-accuracy visual-inertial odometry. It utilizes a loosely-coupled sensor fusion

where an inertial measurement unit (IMU) is treated as an independent module to assist

vision-only pose estimates obtained from the visual structure from motion. This algorithm

best performs when the system uses a global shutter camera and a synchronized high-end

IMU.

Several state-of-the-art methods ( 53; 56; 54; 55) were tested and ORB-SLAM (53) was the

most appropriate for the authors' current task, due to its speed and ability to capture large

baselines in real-time on the TX1. The point cloud and odometry of ORB-SLAM are not directly

usable, as their units are not in absolute metric scale. Hence, one of the tasks was to convert the

unscaled odometry to real-world units. In this work, the SLAM Module provides the odometry

and tracking state to the Context-Awareness and Control Modules.

2.3.2 Scene understanding

A robot can contextually understand a scene by recognizing objects and making decisions based

on its observation. This scene understanding can be handled either as an object classi�cation

or scene segmentation task. While semantic segmentation is computationally more intensive

for real-time applications, it results in more accurate boundaries of the objects in the scene.

Faster R-CNN (60) performs real-time object detection with a Region Proposal Network

(RPN) after the last convolutional layer, and it shares convolutional features with a single

network. CNN-based frameworks for semantic segmentation have also been able to achieve

good performance and yet suffer from the common drawback of heavy computation. The next

development was a semantic segmentation methodology using fully convolutional networks

by existing classi�cation networks, such as GoogLeNet ( 61) and AlexNet ( 62) and transferring

learning approaches via �ne-tuning on pre-trained models ( 63). An approach for semantic

segmentation presented in ( 64) has indicated an outstanding performance; yet is based on

a very large encoder-decoder model performing pixel-wise labeling, resulting in a very large

number of computations.

There are also computationally lighter convolutional networks. Since running the proposed
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system in real-time is one of the main goals of this study, the use of a semantic segmentation

framework with a computational light convolutional network such as MobileNets ( 65) and ENet

(66) is necessary. ENet, a semantic segmentation framework, was designed to run on embedded

boards; therefore, more applicable for mobile robotics systems for outdoor navigation.

2.3.3 Integrated robotic system

There are a variety of integrated robotic systems that fuse visual and sensor data ( 67; 50; 68;

49; 69; 70; 71; 72). The mine detection robot in ( 72) was an early attempt relying on of�oaded

processing for its localization. The bridge inspection robot in ( 71) consists of three parts: (1) A

specially designed car, (2) a control system including a gyro sensor and laser sensor for mobility,

and (3) a machine vision system composed of a Charged Couple Device (CCD) camera, a Digital

Video Recorder (DVR) board, and a vision processing program on the server computer for

automatic detection of cracks. RATIM ( 70), as a tunnel inspection and maintenance system,

integrates vision and proximity sensors. Sensing includes a vision and a laser telemeter to

assure precise inspection, super�cial preparation, and composite application.

Wolfbot ( 49) has a sensor suite for communication and localization, powered by an ARM

Cortex A8 processor at 1GHz for real-time processing of visual data. The Pheeno ( 50) plat-

form is equipped with proximity sensors for obstacle avoidance and a Raspberry Pi camera

for object detection. Both the WolfBot and the Pheeno were primarily developed for swarm

robotics and educational applications. The proposed approach in ( 69) was Built on WolfBot for

environmental mapping, but computational constraints prevented the use of onboard imaging

for localization. The Pheeno platform, while more recent, relies on a control computer for

path planning, localization, and task assignments instead of onboard processing. Pyroshield

(67) includes Raspberry Pi to provide embedded control functionality which is tethered to a

router using an Ethernet cable. This platform uses teleoperated robots in HVAC ducts for visual

inspection and mechanically tests the operation of �re curtains.

2.3.4 UVs-driven visual monitoring for construction and civil infrastruc-

ture systems

In the past few years, there have been a number of research efforts to automate the construction

management process. One of these efforts is to build either semi-autonomous or autonomous

camera-mounted Unmanned Vehicles for collecting informative visual data required for vision-

based progress monitoring ( 13; 73; 74). A wireless mobile robotic navigation system proposed

in ( 13) integrates robot control units, a dead reckoning system, a BIM-driven path planner
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solution, an Ultra Wideband (UWB) indoor positioning algorithm, and various sensors within

an environment known priory for indoor construction applications. Among monitoring and

inspection studies for steel structures and bridges, the development of a steel climbing robot

has been presented in ( 73). The robot is capable of carrying multiple sensors for its navigation

and for steel surface inspection. The proposed platform is able to collect images and 3d point

cloud data and transfer that information to the ground station for further monitoring purposes.

In the other research study, Kim et al. ( 74) introduce an autonomous mobile robot that navigates

a scan site based on a continuously updated point cloud map. This platform composes of a

robotic hybrid LiDAR system, object avoidance sensors, an Internal Measurement Unit (IMU),

and a navigation camera.

The key differentiator of the authors' proposed system is the integration of state-of-the-art

computer vision techniques that are computationally expensive in a platform that is self-

contained and still runs in real time. SLAM, deep learning, and mapping are combined into an

integrated system that is robust and versatile.

2.4 System Overview

This section describes the proposed monocular vision-based approach. Figure 5.9 illustrates

the integration among multiple modules and their temporal update rates. The scaled odometry

of the SLAM Module feeds into the Context-Awareness Module. A scene segmentation scheme

processes the images, generating a 1-D array indicating the obstacle boundary. This is done by

classifying the boundary between the drivable space (i.e., roads) and non-drivable space (i.e.,

obstacles), which are inputs to the Mapping Module. The Control Module receives commands

from a joystick and relays this information to the Raspberry Pi that is connected to the vehicle.
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Figure 2.2: Monocular vision-based general pipeline

This system is built on the Robot Operating System (ROS) ( 75) for ease of data exchange

among the various modules. Each of these modules individually runs on a GPU computing

board (NVIDIA Jetson TX1) to minimize logistics and integration time. Some of these modules

can be combined to run on a single board.

The proposed system consists of the following hardware: Clearpath Husky A200, NVIDIA

Jetson TX1, Raspberry Pi, Wi� enabled router, and Microsoft Xbox controller. The controller,

which connects to the Control Module, is used to control the movement of the Husky manually

for the initial mapping of an environment. The Raspberry Pi gets the control information from

the Control Module through a TCP socket and sends back the wheel encoder information.

It can also operate a kill switch that remotely stops the motors on the Husky in case of an

emergency. There are four Jetsons, each of which runs one module separately. The Jetsons are

all connected to the same network via a router on the Husky, and run Ubuntu 16.04 LTS and

ROS Kinetic. The different modules run as individual nodes in the ROS ecosystem and use ROS

Topics and Messages to exchange information. Figure 5.2 shows the proposed integrated robot

with the aforementioned hardware.
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Figure 2.3: Physical diagram of components in the platform. The channels used for interac-
tions between the different physical modules are labeled in blue.

2.5 System Description

The primary goal of the proposed approach is to integrate the Monocular SLAM, Context-

Awareness, Mapping, and Control Modules. These modules have one or more capabilities,

which are detailed in this section.

2.5.1 SLAM to global coordinate system

The ORB-SLAM (53) implementation produces a new local coordinate system for each run. It

initiates its local coordinate system by taking the median depth from the frame taken when

tracking initializes. Therefore, the scaling factor between the local coordinate system and the

global coordinate system varies for each test data.

To address this issue, the proposed approach ( 76) is attuned to a real-time system. The

visual odometry and the wheel odometry are calculated for the entire path; then a closed-form

solution is generated to obtain the scale information. The scaling matrix between ORB-SLAM

and the wheel odometry is obtained using Singular Value Decomposition (SVD). The authors'

modi�cation to this method is to sample the wheel odometry and the visual odometry every

second. The visual odometry is then transformed to real-world coordinates using the scaling

matrix calculated each time. The �nal odometry output that other modules can use is published

as a ROS topic at a frequency of 1 Hz, as shown in Figure 5.9. The speed of odometry publishing
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ensures that the segmentation operation is executed completely. The unmodi�ed SLAM is

unable to accurately detect the robot moving in a straight line or even taking a turn, as can

be seen in Figure 2.4. The scaled ORB-SLAM (shown in RED) and unmodi�ed SLAM (shown

in BLUE) have also been compared; it was found that scaled ORB-SLAM has improved the

trajectory.

Figure 2.4: Scaled ORB-SLAM odometry (red) vs. unscaled ORB-SLAM odometry (blue)

2.5.2 SLAM and Context-Awareness integration to provide segmented im-

ages

The Context-Awareness Module provides the ground plane segmentation of the image frames

and synchronizes the frequency of the odometry messages. The segmentation model, ENet ( 66),

produces one pixel-wise semantic segmentation map per image. Based on the segmentation

map, a 1-D vector (e.g. width) is calculated with the value at each location representing the dis-

tance to the closest object on the horizontal axis. The Mapping Module uses this information to

obtain an occupancy grid of the environment. In the �nal step, the perspective transformation

is used to convert from image to world coordinates, to generate the local map and the global

map with respect to the ROS environment. A detailed explanation of the pixel-wise semantic

segmentation method, ground plane extraction, and perspective transformation is given in

the following subsections.
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Pixel wise semantic segmentation

Pixel labeling involves creating network models with a considerable number of parameters, as

each pixel needs to be labeled. For the model to work on the Jetson board with limited memory

and processing power, a smaller architecture focusing on speed over accuracy is selected - ENet

(66). The architecture of Enet provides pixel-wise image labeling that is designed to work on

embedded boards. It runs at a speed of around 15fps for an input image size of 512� 256 on a

Jetson board, considerably faster than other models, such as SegNet ( 64) and FCN (63). The

model based on Torch Lua is executed on the Jetson board, with some changes to accommodate

the different class labels. ENet takes pixel-wise labeled information as input for training. In the

current paper, the authors have collected and labeled about 1,000 image frames from multiple

videos. The following �ve classes have been chosen, as shown in Figure 5.11: object, ground,

person, sky, and unlabeled.

Figure 2.5: Labeled classes: ground, object, person, and sky

The network is trained in two steps. The �rst step involves training the encoder part, which

provides a label map of size 64� 32. The model is trained for 300 epochs with a batch size of 10.

In the second step, the decoder is trained on top of the encoder to upscale the intermediate

map to full image dimensions. With pixel-wise semantic segmentation, the contour of an object

and ground plane can be easily extracted from the resulting segmentation map.
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Ground plane extraction

The Husky can safely traverse the areas that are classi�ed as a ground in the image. A 1-D vector,

which provides the �rst instance of the obstacle when traversed from the bottom, is computed.

The obstacle-position vector (shown in blue in Figure 2.6) represents the pixels with the closest

obstacles in the vertical axis. Since the (x, y) coordinates of the frontal view in the images need

to be plotted, parts of the vector that are vertical are �ltered out. This is done by looking at the

magnitude of the gradient in the horizontal axis. Points with high gradients are �ltered out

and the threshold is set empirically. Lines with gradients greater than one are not considered

to be the base of an obstacle. According to experimental studies, the accuracy of the depth

estimation decreases as the distance from the base of the image increases. Objects further than

the threshold of 2.5 meters are not mapped. This �lter is tuned to only include objects that

are within 2.5 meters of the camera. The blue line in Figure 2.7 represents the original vector

received from the Context-Awareness Module and the red segments indicate �ltered segments

plotted as obstacles.

Whenever the Husky approaches an obstacle, the base of the obstacle moves toward the

bottom of the image. To prevent the same obstacle from being mapped again, the obstacles

whose bases are close to the bottom of the image are ignored. Moreover, when an obstacle is

so close that its base is not shown, pixel locations close to the base of the image are �ltered out

as well (see Figure 2.8).

Figure 2.6: Vector indicating the lowest pixel row of non-free space for each pixel column
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Figure 2.7: Red dots indicated �ltered points to be considered obstacles.

Figure 2.8: Red dots indicate �ltered points to be considered obstacles.

Perspective transform

To transform from the pixel coordinate to the real-world coordinate, perspective transformation

is performed to provide an unskewed view of the world, which allows mapping pixel locations

to their real-world locations. Since the current system has the �xed location and orientation

of the camera relative to the Husky, a �xed perspective transform matrix can be used for the

perspective transformation that is illustrated in Figure 2.9. The dimensions of the square have

been set at two feet. for each horizontal block and 1 ft. for each vertical block. Also, the distance

from the camera itself to the line in which the red and blue dots appear is 4.4 feet. In reality,

the perspective transform matrix that converts pixels to x, and y coordinates in centimeters
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is slightly different from the transform matrix used in Figure 2.9 to obtain the warped image.

This is because the authors want the origin to start from the camera itself, not the top of the

image, and the pixel mapping to be symmetric on both the left and right sides of the Husky.

Since the camera is not exactly in the center of the rectangle and may have been skewed by a

small amount, the transformation has to be adjusted such that the output (x, y) coordinates in

centimeters produce a symmetric result.

Figure 2.9: Left: Original image, Right: Perspective transform.

2.5.3 Occupancy grid map creation

The Mapping Module is responsible for providing an occupancy grid map using the segmenta-

tion results. The immediate environment is projected on a local map, and this change in the

overall environment is re�ected on the global map using odometry. To create the local map,

the obstacle-position vector is processed to �nd the lower boundary of close obstacles and

eliminate vertical and horizontal lines. The real-world obstacle locations are found using the

perspective transform matrix calculated for the speci�c focal length and camera position. The

result is used to plot the position of the obstacles on a 1.1m wide and 2.5m long local map

area. Figure 2.10 shows a construction site environment with the corresponding local map and

global map.
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2.5.4 Tracking state for ORB-SLAM for SLAM and Control Modules

As the Husky is moving, it is necessary to know whether or not ORB-SLAM has initialized

tracking. To this end, the SLAM Module publishes the following states: waiting for images, not

initialized, tracking, and tracking lost. If the system loses track, the Mapping Module will not

be able to use images to update maps. Therefore, the Segmentation Module will only perform

segmentation when the system is in the tracking state. (77) has been prepared by the authors

to provide better clari�cation of the tracking state in the SLAM Module.

Figure 2.10: (a) construction site environment, (b) local map, (c), global map

2.6 System Evaluation

The proposed system has been tested in three different outdoor environments. These environ-

ments vary in terms of objects and weather conditions as shown in Table 2.1. Figure 2.11 shows

these three environments and corresponding screenshots of the mapping process. Figure

2.11(a) shows frames from the input video with the tracked ORB features. In Figure 2.11(b), the

obstacle vectors generated by the context awareness module are shown. Figure 2.11(c) shows

pictures of the test environments showcasing their diverse nature. Global maps with the trajec-
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tory of the robot are shown in Figure 2.11(d). The videos of the whole pipeline demonstrate

the capabilities of this integrated system in near real-time ( 78; 79; 80). The demand put on the

hardware as a result of this integration is explained in the Results Section, where a detailed

description of the hardware utilization by each module is presented.

Table 2.1: Environment description

Evironment Type Object Type
Weather

Condition
Video Length

(minutes)
Number of processed

frames (pipeline rate of 1 Hz)
Parking space 1 Car, kerb, Cloudy 12.7 762
Campus area Trash bins, kerb Sunny 9.5 570

Construction site
Wooden planks,

cone, cement slab
Cloudy 15.15 909
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