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ABSTRACT

CONTINUITY OF OBJECT TRACKING

The demand for object tracking (OT) applications has been increasing f@astifeyw
decades in many areas of interest: security, surveillance, intelligence gathadn
reconnaissance. Lately, newdgfined requirements for unmanned vehicles have enhanced the
interest in OT. Advancementsmmachine learning, data analytics, and deep learning have
facilitated the recognition and tracking of objects of interest; howevernconuis tracking is
currently a problem of interest to many research projects. This dissefetgants a system
implementing a means to continuously track an object and predict its trajectory based on it
previous pathway, even when the object is partially or fully concealed for a petioteof he
system is divided into two phases: The first phase exploits a singtedamera system and the
second phase is composed of a mesh of multiple fixed cameras. The first ptesasys
composed of six main subsystems: Image Processing, Detection Algdntage Subtractor,
Image Tracking, Tracking Predictor, and the Feedback Analyzer. The secoamdptiessystem
adds two main subsystems: Coordination Manager and Camera Controller Manager. @ombine

these systems allow for reasonable object continuity in the face of object comceal
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CHAPTER 1- SYSTEM ENGINEERING METHODOLOGY

Introduction

The scope of this section is to use the system engineering methodology to develop a
system that continuously tracks an object of interest. The systems engjmaethodology is
adapted from the book “Systems Engineering Principal and Practice” bgnlex Kossiakoff,
published in 2011. The methodology consists of the needs analysis; concept exploration;
concept definition; risk assessment and mitigation; advanced developmenéreaystems;
engineering design; integration and evaluation; and the plan for production and operation
support. Since the system is considered to be a complex system, the resébecdiwided into
three phases: A single camera siysfgerforming object recognition and tracking, a mac#tmera
system, and lastly a muitamera fixed on a moving platform such as a drone. This chapter will
discuss the design aspect of the third phase as a whole; whereas, the foltaptegscwill

focus on the technical development of the more complex subsystems of the other phases.

Needs Analysis

In 2011, | was serving as a Search and Rescue (S&R) volunteer at the Orange County
Sheriff Department (OCSD). During our S&R missions and disaster prigperaining we
were exposed to various protocols for disaster preparation, searching andjtedickaividuals,
and emergency response. The S&R team is composed of the search team and the rescue team
The search team is responsible to locate and track an object of interest, and theaescsie t
responsible to develop a tactic to resolve the issue. In many cases, theeseardistussed the
need to continuously track an object of interest. Some examples include continuokisly tac

sick or insured animal in a mountainous area, or continuously searching and tracigitiye f



Another example is the continuous monitoring of the rescue team during theaomtcssi
evaluate their tactical moves. In other scenarios, an automated system veastoessess a
disaster site, such as a collapsed building, or to track all the insured personeehand 1site
after it was reconfigured by the disaster. Therefore, | saw a need to dawslsiem to assist the
S&R personnel to perform their job safely. Themds analysis is performed next to rationalize

the market analysis of the proposed system.

Operational Analysis
The “Systems Engineering Principal and Practice” book divides the opsrahafysis
process into two stages: (1) analysis of the projected needs, and (2) definitiooeérmgonal

approach. These two steps will be discussed in detail in the next subsections.

Analyze Projected Needs
The customers’ requirements were gathered by developing a user story board anshuser
list on what helps tha the most to perform the job safely. The list below shows the items that

were requested by the customers.
They require correlating different cameras that do not all have overippigivs.

They require understanding the possible routes a fugitive can take and predict his/he

next move.

They require optimizing camera positions to continuously track an object of interest

throughout a scene.

They require deploying a swarm of autonomous vehicles to track an object e$tinter

throughout a city.



They require th ability to optimize the images in various environmental conditions.

Define the Operational Approach:

Figurel below describes the operational approach objectives. The primary objeats are
autonomous network of cameras along with 3D scene reconstruction and propecaiassifi
and localization of the object of interest. The secondary objective of theickgsi and
localization is applying these algorithms to reale object recognition. The secondary objective
for the 3D scene reconstruction is to parameterize the various possibilitibe Emene and the
camera tracking. This will facilitate the optimization of positioning the camkeaasly, the
secondary objective of the autonomous network will allow a collectivevkatige of the scene

which will enable the global knowledge of the system.

Operational Approach

Continuous
Tracking of Overarching Objectives
Objects

Classification an
Localization

Scen&D
Reconstruction

Autonomous

Network Primary Objectives

Parameterize th
various
possibilities for
the scene and
camera track

Collective
Knowledge
between networ
participants

Real Time Objeq
Recognition

Secondary Objective

Figure 1 - OperationalApproach Objectives



Functional Analysis

According to the Systems Engineering process as described #hsy@pcess comprises

two steps: (1) translation into functions, and (2) allocation of functions to subsystémsnain

purpose of the functional analysis is to decompose the system into processes armhsperati

achieve the designed operational reeed

Translation into Functions

The translation of the objects into main functions is describ&dltel below.

Tablel - System Functions

Function

Description

Image Enhancement / Processing

The ability toenhance the image (ddurring,
sharpening, removing background)

Real Time Object Recognition

This implies that the system will be able to
classify and localize the Object Of Interest
(OO0I) in real time. It also means that the
system shall have a pteined Convolutional
Neural Network (CNN) already in place.

Networked system

All cameras have collective knowledge of
each other and their location in the system

Central Knowledge.

This implies that all cameras communicate
directly to a centralized computer that will

have the ability to command and control edach

system asset.

3D Reconstruction

The ability to reconstruct the scene. This w|
allow better understanding of the options a
the surroundings of the Object of Interest.

Moving Cameras

The abilityto rehost for a later project the
application onto a moving camera.

Camera Placement

The ability to place the moving cameras in
the scene to minimize occlusion, and came

nd

overlap and maximize the scene.

Allocation of Function into Subsystems

In this step, the previously identified functions, will be divided into subsystems. This

initial modulation will help the system engineer further design the complex systean. T



CONOPS of the system/subsystem will adopt thegoal of this project and is definéy Table
2 below. The next chapters will subdivide the godd into several phases to ensure a successful

completion of this project.

Table2 - Subsystems

Candidate Subsystem

Description

Camera System

This subsystem will detail the minimum requirements for the
cameras for the entire system.

Camera System Picture
Resolution

The subsystem will detail the minimum resolution for the camg
for the entire system.

Camera Data Range

The camera system can be @msed of various data ranges suc
as Visual (RGB), Thermal, LiDar and Radar for complete scer
analysis. This is hyperspectral imaging.

e

Camera System Zoom
functionality

This subsystem will detail the minimum requirement for the zg
level of the entire system.

Camera system Rotatior

This subsystem will detail the requirements for camera rotatio

Drone Structure and
support

The drone structure and support shall be ruggedized so it
withstands the environmental conditions dictated by the
application of te system

Power system

This subsystem will detail the entire power distribution minimy
requirements to the drones and the cameras

Drive Train

This subsystem will detail the requirements for the drivetrain @
the drone

Wireless Reatime
Vision

This sulsystem will detail the requirements of the riale
transmission of the data to a centralized computer.

Navigation and Steering

This subsystem will detail the requirements of the navigation
system.

Sensory System

This subsystem will detail the requirente of the sensory systen
required to ensure proper operation of the system. Ex.chadia
system.

Wireless Command and
Control

This subsystem will detail the manual command and control

and/or the autonomous control to allow all drones to collaborate to

continuously track an Object Of Interest (OOI)

Scene Reconstruction

This subsystem will detail the requirements for the scene

reconstruction to properly track each camera position in a give

environment

2N

Object of Interest

Recognition

This subsystem wiltletail the two different aspects of recognitig

which are: Localization and Classification.




Feasibility Definition
The feasibility definition process consists of two steps: (1) visualizingutbsystem
technology, and (2) defining the feasibility copteThis allows the systems engineer to realize

the system under-design and help him/her to perform the tradeoff analysis.

Visualize Subsystem Technology

The system will be mainly used for aforementioned applications; therdfoseds to be
a ruggedizd system with all its subcomponents meeting the overarching environmental
requirements of MIESTD810G. To better design each of the subsystems, the subsystems

described in the previous section will be decomposed and visualized by the followisgatadble

discussions.
Table3 - Camera Subsystem
Technology Advantage Disadvantage
Shutter Speed > 1/500 s - Be able to take still images - More expensive

of fastmoving objects - Underexposed photos
- Reduce motion blur
Aperture with fstgp at least = - Be able to capture faster - Overexposed photos for

2.8 moving objects slower shutter speeds
- Able to capture greater
details
Camera Weight < 1000g - Less payload on the drone - Inferior glass lens quality
High Definition Resolution = - Higherquality images - Larger image to store
- Ability to pick smaller - Larger image to process
details and features of the - Larger image to send real
OOl time.
Zoom Functionality - Ability to maintain higher - More expensive camera

altitude of during flight while
registering the @eded
Camera Rotation - Ability to swivel the camerg - More mechanical parts
without changing the
direction of the drone

Camera Data Type: RGB - High resolution - Poor Performance in bad
- High marking detection weather conditions: fog,
- High range snow, rain

- Low sensory cost



Camera Data Type: Therma

Camera Data pe: LiDar

Camera Data Type: Radar

Technology
NiCa/NiCd Nickel Cadmium

NiMH Nickel Metal Hydride

- Small sesory size

- Average velocity detection
- Average glare resistance
- Average distance from
object

- High performance in sun
blinding condition

- Glare resistant

- High performance in low
light conditions

- Low sensor cost

- Small sensor size

- Average resolution

- High performance in low
light conditions

- Long distance from object
- High performance in
velocity detection

- High Performance in glare
condition

- High performance in poor
weather conditions

- High performance in sun-
blinding conditions

- Glare resistant

- Low sensory cost

- High performance in High
Velocity detection

- High performance in low
light conditions

- High range

Table4 - Power Subsystem

Advantage
- Harder to damage
- Last longer, more
charge cycles

- More affordable
- Better capacity

- Poor performance in sun
Blinding
- Poor in low light conditions

- Low performance in
marking detection
- Low performance in
velocity detection

- Large sensor size

- High cost

- Low range

- Low resolution

- Low performance in bad
weather onditions: rain, fog
and snow

- Low performance in
marking detection

- Low performance in
marking detection

- Low distance from the
objects.

Disadvantage
- Don'tlast longin
high draining systems
- Higher cost
- Very toxic.

- Shortshelf life since
they self discharge.



- Lastslonger than
NiCd.

Li-lon Lithium lon - High energy
- Slow discharge rate
- Most energy capacity
- Light weight

Table5 - Drive Train Subsystem

Technology Advantage
Rover drivetrain with chains - More torque
- Off-roading capability

Rover drivetrain with 4x4 - More freedom to
drive free rotations rotate
- Less probability to get
stuck
- Easier to climb than
chain
Drone drivetrain — - Faster to maneuver
quadcopter than rover

- Easier to get birds eye
view of the site

Drone drivetrain -hexacoptet - More stable than
guadcopter
- Faster to maneuver
than rover
- Easier to get birds eye
view of the site

Stepping robot - Most torque
- Easiest to climb

Not as durable as
NiCa

Overlong time they
lose their capacity
permanently

Least durable
Most expensive.

Disadvantage

Debris can get stuck
on the chain

Harder to suddenly
rotate

Less torque

Harder to maneuver i
low light conditions
Less stable than the
hexacopter.

Harder to maneuver il
low light conditions

Slow Speed



Technology
WiFi IEEE 802.11 Encryptec
Network

RF Communication In house
developed protocol

Technology

Supervised Learning Using
Statistical analysis
approaches

Supervised Learning using
Convolutional Neural
Networks

Unsupervised

Define Feasibility Concept

Advantage
- Encrypted
- Already
developed/specified
protocol

- More secure

- Developed
speifically for this
application

- Longer range

Table7 - Object Recognition

Advantage
- Easy to implement
- Faster to train

- Highest accuracy

- There are already
developed trained
using ImageNet

- Works great in the
image recognition
application

- Fastest Algorithms

Table6 - Communication Subsystem

Disadvantage
- Might have limitation
- Cyber security breach
- Relatively short range
- Channel disturbance

- More expensive to
implement

- Allocate certain
frequencies for the
system.

Disadvantage
- Less accurate than
CNN.

- Slowerthan NN.

- Requires significant
amount of time for
verification.

To meet all the requirements mentioned above, the optimum model shall be a hexacopter

drone powered by Lien batteries. The dne shall be equipped with various camera systems

assigned for the object detection system. These various cameras data typbs &6B,



Thermal, LiDar, and RADAR cameras to complement each other for the trackpagpsr The
system shall be equippedthvLiDar dedicated for object detection/avoidance. The RGB

cameras shall record high resolution images with at least 1/500s shutter spestbprat feast

2.8. The cameras shall have a mass of less than 1000g each. The cameras shall bellgom cap
upto 30x and fixed from rotation to facilitate the calculations since the droneyisridgrated

with the recognition system. The Recognition subsystem shall be a supervisen | for

optimum results. The cluster of drones shall be able to reaon8te 3D scene.

Needs Validation
The needs validation process is composed of a design effectiveness model and will
validate needs and feasibility. The objective of this process is to verifjhéhaperational needs

are being met.

Design Effectivenes®odel

The Measure Of Effectiveness (MOE) is taken mainly out of the customereragats
documents. The main requirements state that the system shall work for 2 hbaud eherge,
and that the drone agents shall calculate its way back to the reshkatige. The drones shall
send the current view to a centralized computer to calculate trajectory aad aghission to
each of the drones. The centralized computer shall be redundant. The centoatipatec shall
map the robots relative to each other to better calculate schedules. The sstarmséall have
a global knowledge of the OOI at all times. The OOI recognition shall achesuracies above
90%. As far as the Measure Of Performance (MOP), it will be developedditeng the

subsysters.
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Validate Needs and Feasibility
The proposed feasible concept addresses the needs of the S&R division. It is able to
satisfy the overarching objective described at the beginning of this santiomeet all the

operational requirements. These operaioequirements are:

- The system shall work for 2 hours without charge

- It shall be capable of withstanding the extreme environmental conditions.

- It shall be able to meet all the METD-810G

- The drone agents shall calculate its way back to the recharge station.

- The communication to a centralized computer is achieved by sending the c@igasRion

independently.

- The centralized computer shall calculate the OOI trajectory and uploaddheatibn to the

drones.

- The centralized computer shall be redundant.

- The centralized computer shall map the robots relative to each other to betikteal

schedule, and reconstruct the scene.

- The drones shall be able to avoid obstacles

- The system shall be interrupted by a human user agigag time.

- The system shall be smart to detect the features of the OOI with a 90% accuradyachine
Learning (ML) preferred technique is the CNN or Convolutional Neural Netwddh{Qvhich

is used almost ubiquitously for image recognition ancufeagxtraction.
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- It shall be reliable for at least 10 years.

- It shall be maintainable. This is done by decomposing the system into subsystems.

Concept Exploration

The concept exploration stage of the systems engineering methodology is esphbte
alternative systems to produce a more neutral solution. The process of the concegti@xjsor
described by the diagram in Chapter 7 of Kossiaskoff's textbook (Figure 7.2)efi®&yst

Engineering Principal and Practice”.

The input of this phase of the process is the output of the needs analysis phase. To
summarize the output of the previous phase, a system is needed to aid the S&R teanettmbe abl
track an object of interest throughout a scene from various cameras that arevextagping.

The sysem shall be able to recognize an object of interest with at least 90% accusaeyl. lie
able to localize it on a given camera and be able to correlate its position witheéhearhera

systems. It shall be easily maintainable and have 10 yearsadsilit/.

Operational Requirement Analysis
The Operational Requirement Analysis is mainly composed of two steps: fgalyz
Operational Objectives and Refining Operational Requirements. The purposesiéfhis to

explore the different operational Rempments that may lead to alternative solutions.

Analyzing Operation Objectives

Iterating through the project objective analysis:

They required correlation of different cameras that do not all have overlappirgy view

“Situational Awareness, Asset Correlabn, Continuity of Tracking”

12



They required understanding of the possible routes a fugitive can take and psédést hi

next move. Situational Awareness, Trajectory Prediction, Continuity of Tracking”

They required optimization of the camera positions to continuously track an object of

interest throughout a scen€dntinuity of Tracking with minimum assets”

They required a deployment of a swarm of autonomous vehicles to track an object of
interest throughout a cityContinuity of Tracking , Recognition and Localization,

Multiple Assets’

They required the ability to optimize the images in various environmental ayrgditi

“Accuracy of Tracking through Unpredictable Conditions”

Refining Operations Requirements

The more refined operational requirements denthatthe system shall be able to
deploy at least 50 drones simultaneously and be able to position them such thatahere i
minimum overlap between them. The positioning of the assets shall be according to the

trajectory prediction sent from the centralizsystem.

Performance Requirement Formulation
The performance requirements formulation is composed of two steps: Derivetanbsys
functions and formulate performance parameters. The objective of thispi®tesiefine the

subsystem functions so theOW can be formulated.

Derive Subsystem Functions
This task is best visualized by the OPM diagram which is optimal in deriving subsyste
functions. The OPM diagram is composed of mainly three sections: (1) the operands: this

where the subsystems areidedl; (2) the value process: this is where the functional actions are

13



described; and (3) the instrument section: this is where the objects perfornsimduihetional
actions are defined.
Figure2 shows the OPM diagram that deseslour system. Operands show the basic

subsystemghe value processes show their function in the system and the instruments show the

means that allow them to perform these value processes or functions.

| Operands | Value Process | Instruments
Power and Distribution ProilPoe. Baitery. \Vi.re:‘._, charging
mechanism
= = _ High Speed Brushless
Drive Train Move the Drone Motors, Blades, etc

Cameras (RGB, Thermal,

Vireless -time Ses 2al-ti
W Helesi Real time Send Real-time LiDar RADAR), Wircless
Vision Video Transreceiver
Navigation and Steering diavicao oLk Flight Control Board
S LE the Site L
LiDAR

Sensory Subsystem Measure Distance

/ Communicate with

Central Computer

Structure and Support

Wireless Command and
Control

Nuts, Bolts, Chassis

Wireless Radios,
Processing CPUs

Wireless Transreceiver,

Perform Feature
Extraction On-Board CPU, GPU
Camera Comrelation 4’
ASIC board.
Calculate Pose Transceiver between
from other drones
Perform 001 =
Feature Extraction Dot itiee
Recognition -"
Perform i
RO CNN Algonthms
Trajectory Mapping Perform Prediction Statistical Algorithms

Figure 2 - OPM Diagram
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Formulate Performance Parameters

The formulation of the MOP will be defined by the following requirements.

1) The system shall be ruggedizedatthstand the environmental constraini&herefore,
the system shall meet MIETD810G. The MIL-STD810G defines the requirements of

the following environmental conditions:

Test Method 500.5 Low Pressure (Altitude)
Test Method 501.5 High Temperature

Test Method 502.5 Low Temperature

Test Method 503.5 Temperature Shock
Test Method 504.1 Contamination by Fluids
Test Mettod 505.5 Solar Radiation (Sunshine)
Test Method 506.5 Rain

Test Method 507.5 Humidity

Test Method 508.6 Fungus

Test Method 509.5 Salt Fog

Test Method 510.5 Sand and Dust

Test Method 511.5 Explosive Atmosphere
Test Method 512.5 Immersion

Test Method 513.6 éceleration

Test Method 514.6 Vibration

Test Method 515.6 Acoustic Noise

Test Method 516.6 Shock
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2)

3)

4)

5)

6)

7)

8)

Test Method 517.1 Pyroshock
Test Method 518.1 Acidic Atmosphere
Test Method 519.6 Gunfire Shock
Test Method 520.3 Temperature, Humidity, Vibration, and Altitude
Test Method 521.3 Icing/Freezing Rain
Test Method 522.1 Ballistic Shock
Test Method 523.3 Vibréwcoustic/Temperature
Test Method 524 Freeze / Thaw
Test Method 525 Time Waveform Replication
Test Method 526 Rail Impact.
Test Method 527 MultExciter
Test Method 528 Mechanical Vibrations of Shipboard Equipment (Type | —
Environmental and Type Il laternally Excited)
The system shall be operational for at least 2 hours without need to charge.
The system shall be able to correlate all the assets.
The centraied computer shall contain redundsystemshat can take over in case of
failures.
If drones need to be recharged, it shall return automatically to the initialydegnt
point for further handling.
The centralized computer shall send the assets the trajectory based on the dath receiv
from each asset.
The centralized computer shall deploy assets as needed based on their status.

The drones shall be able to avoid obstacles autonomously.
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9) The robotic agents shall be able to capture the image with vaatasygpes namely:
RGB, Thermal, LiDar, RADAR.

10)The robotic agents shall be able to recognize a given OOI with accuracy ast2080.

Implementation of Concept Exploration

The implementation of concept exploration is composed of two steps: Explore
Implementation of the concepts and define performance characteristics. The objedtige of t
step of the process, is to evaluate alternative solutions; this is to expldesitpe space and
allow the systems engineer to come up with a solution neutral sygterg,so will eliminate

focusing on only single point solutions.

Explore Implementation Concepts
The alternative concepts are:
- Rover that with a chain drive train
-Rover with drive 4 wheels drive train with full degree of rotation freedom
- Quadcopter drone
- Hexacopter drone
- Stepping drone

- Already existing cameras such as traffic cameras and ATM cameras

Define Performance Characteristics
In the previous section the key advantages and disadvantages of the alteomatyptsc
were discussed. Tab&below reiterates these design concepts for the drivetrain; however, the

concept of utilizing the existing cameras such as traffic, security adigameras is added.
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Table8 - Alternative System Performee Characteristics

Technology
Rover drive train with Chains

Rover drivetrain with 4x4
drive free rotations

Drone drivetrain —
guadcopter

Drone drivérain—hexacoptet

Stepping robot

Existing Cameras

Advantage

More torque
Off-roading capability

More freedom to
rotate

Lessprobability to get
stuck

Easier to climb than
chain

Faster to maneuver
than rover

Easier to get birds eye
view of the site

More stable than
guadcopter

Faster to maneuver
than rover

Easier to get birds eye
view of the site

Most torque
Easiest to climb

Cheaper to implemen

Performance Requirements Validation

Disadvantage

Debris can get stuck
on the chain

Harder to suddenly
rotate

Less torque

Harder to maneuver ii
low light conditions
Less stable than the
hexacopter.

Harder to maneuver i
low light conditions

Slow speed

Fixed locations

Not having multiple
sensors

Different resolutions

The performance requirement validation is composed of two steps: (1) integrate

performance characteristics and (2) validate performance requiremMémt®bjective of this

step is to validate that the performance requirements are met by exploringahe var

alternatives in this section.
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Integrate Performance Characteristics

Most of the alternative designs above are feasible, and with currentigideai
technology, it is possible to get many COTS subsystems. However, some ofuhesfeat
accompanying each alternative design brings an undesirable side effectst&ace, no rover
robot will not be able to perform tracking efficiently as a drone. It is alsbtbananeuver a
driving object in such an environment. The stepping robot is undesirable because it is much
slower and not efficient. Despite the fact that the existing cameras ardirappes not easy to
optimize their positions to truly have a continuity of tracking. The netewbhexacopter
drones present the best scenario for our needs because of the degree of freedentsitgsres

well as the speed and stability needed to keep the target in track.

Validate Performance Requirements
The performance requirements validation, a Model Based Systems EnginstBiag)(
model, will be created to model the integrated behavior and better understand thenemerg

behavior in different conditions. All basic requirements described in ttli®ehall be met.

Concept Definition
The concept definition discussed in this section follows the systems engineering
methodology described in Chapter 8 of the Kossiakoff textbook. The objective of this process is

to further define the chosen system.

Performance Requirements Analysis
The performance requirement analysis is composed of two steps: Analfgrenpece
requirements, and refine performance requirements. The objective ofctins s further

analyzing the system and developing more tetaequirements.
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Analyze Performance Requirements
The system at this step has been well defined from the previous sections; heaelver

of the requirements can be further broken down to detailed requirements.

Refine Performance Requirements
The systenhas been adequately refined in the previous section; therefore, no further

refinement is needed at this point.

Functional Analysis and Formulation
The functional analysis and formulatiphases composed of two steps: Define
components functions, and formulate functional requirements. The objective of this tigsign s

is to formulate the design into functions that meet all the objective requirements

Define Components Functions

The first decomposition diagram is shown on Figure 3 below. It is composed of six main
functions: Structure and Support, Power Supply and Distribution, Drivetrain, Vision, Namigat
and Steering, and Wireless Transmission. The Objective of these functiohe ddtailed in

Table9 below.

Object Detection
Drone

L

Power Supply and Navigation and
- Ditibition Drive Train Vision Steering
T f T

Elec.
RADAR

Components
Camera
Nav. Nav. Attitude || Altitude

RGB
Camera

Thermal
Camera

LIDAR
Camera

Vision
uprocessor

Battery
Bank

Vision

Board
oo Memory

Fuse Box Wires Fuses Connectors

Cap)

—rz=-a=

Object
Detection
Sensor

DT. DT Hexacopter
uprocessor Memory || Blades

Brushless
Motors

Motor
Sensors

Steering

(Res, Ind.,
Mechanism || uprocessor | Memory Sensor Sensors

Figure 3 - Functional Decomposition
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Table9 below details each of the functions specified by the preliminary functional

diagram discussed above.

Component
Structure and Support

Power supply and
distribution

Drive Train
Vision

Navigation and Steering

Wireless Transmission

Table9 - Subsystems Fational Definition

Function

Provides the ruggedized structure and linkage of the syst
to each of its subcomponents.

Provides power to the whole system. It provides means t
recharge its m-board batteries.

Provide the means for the drone to fly.

Provides the drones with capabilities to capture images it
various data formats: RGB, Thermal, LiDar, and RADAR.
The system is also composed of the microprocessors that
provide the means for the drone to perform the object
recognition and tracking.

Provides the means for the drones to be controlled in ma
mode or submitted to its mission files. It also contains an
object avoidance sensory system.

Provides the means to transmit the mission information a
flight profile from the centralized system

Formulate Functional Requirements

Table10 below provides the requirements of the functional definition:

Component
Structure and Support

Power supply and
distribution

Drive Train

Table 10 - Subsystems Functional Requirements

Function

-It shall be ruggedized to withstand all the environmental
conditions.

-It shall provide an enclosure for the entire system that meets
with MIL-STD810G.

- It shall provide the system with the energy needed to
properly operate the system. (this energy/hr will be defined at
a later stage)

- It shall provide the system with uninterrupted power for full
operation for 2 hors.

- It shall provide the system with power protection.

- It shall provide the drone the means to lift to an altitude

will be specified at a later stage.

- It shall provide the drone the means to move at a different
speed

- It shall provide the drone to land
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Vision - The system shall contain multiple cameras to detect the
OOI. The cameras can be of various data types such as
Thermal, LIDAR, RGB, and RADAR
- The system shall have high resolution through zoom and
sensitive cameras to detehe OOI at an altitude that will be
specified at a later stage.
- The system shall be able to recognize and track a give OOl
with an accuracy of at least 90%
- The recognition SW shall take 100ms to scan the entire
image.
- The recognition SW shall takians to recognize the OOI.
Navigation and Steering - It shall allow the drone to receive navigation and steerin
commands manually
- It shall provide the means for the drone to navigate
autonomously.
- The system shall provide the drone the means to avoid
obstacles.
Receive Mission Information - It shall provide the user with reae feedback with at
most 5 seconds delay.
- It shall provide the centralized computer the position
information of the OOI from each of the drones that has it on
sight.
- Thedrone system shall be able to receive information from
the centralized computer to start a mission
- The drone system shall be able to receive information from
the centralized computer to update the current mission

Concept Selection
The concept selectinis composed of two steps: synthesize alternative concepts and
select preferred concepts. The objective of this section is to select thegorefethod to start

forming the architecture.

Synthesize Alternative Concepts

The system as was selected byphevious steps doesn’t require further search for
alternative concepts due to the stringent requirements given. Thus, the prefecegut tdoat will
meet all the requirements is composed of a mesh network of maximum 50 hexacoptears drone

that are equippgkwith several cameras to primarily object track certain OOI. The systenois als
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equipped with a centralized system that commands the drones with missions based on the
trajectory calculation. The drone system is capable of avoiding obstaltleanmfera systems are

commonly coordinated so any of the drones has the OOI relative position.

Select Preferred Concept
Based on the analysis that has been performed by the concept exploration, thedpreferr

concept is the hexacopter dronefFagure4 shows with the preliminary design below.

Figure 4 - Preliminary Concept Diagram
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Concept Validation
The concept validation process is composed of two steps: conduct system simulation and
validate the selected concept. The objective of this section is to validate #regurebncept

meeting the primary objectives of the project.

Conduct System Simulation

Much research has been done in the area of object recognition using CNN. The best
algorithm fit for the type of olect, in our case is make and model of cars, needs to be determined
after retraining the CNN algorithms. Chapter 3 of this dissertation discimsdetail the CNN
algorithms that were trained using the transfer learning techniques and aebidtgsed.
Similarly, correlating the cameras in the network to a common coordinate sgstisoussed in
detail with the simulation performed in Chapter 4 of this dissertation. The eygiesrswill be
integrated and simulated using the MBSE approach to simulagatine system before

prototyping it.

Validate Selected Concept
The validation of the concept performed in the previous section is valid up to this point of
the design. No further validation is needed, as it showed previously. All primary wbgetéive

been met using this approach.

Risk Management

Project Management Related Risks
There are several risks to this project, some of which are project manageskeand

others are risks associated with technical maturity and development.
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1)

2)

3)

4)

5)

6)

7)

8)

TRL-7: Customer indicated that they require a Technology Readiness Level (TRL) of
before paying for the manufacturing of the product. This resembles a finaskiah the
development of the product. TRL 7 means that the model is demonstrable in the operational
Environment.

Authority to Operate (ATO) in the airspace: This item requires the Fedeiatidh
Authorization (FAA) approval before deploying these autonomous tracking eghicl

Due to COVID19 the supply of memory and chips is very short and has ddaddime.
Object detection algorithm: Developing a custom object detection algorithm focificspe
application, such as cars, could be challenging due to the fact not manysdatasetailable
and theclassfeatures are very closely correlated.

Camera coordinatim Correlating all the cameras to a common coordinate system has not
been a top priority in object tracking; thus, developing an algorithm that caratem#lthe
cameras in a given network could be challenging.

Camera position optimization: A nestegkrin developing a camera correlation algorithm is
optimizing the camera positions to cover a given scene.

Drone Integration: Integrating the object detection, tracking the cazomelation, and
determiningthe object trajectorgrechallenging tasks. Iparticular, the movement space has
6 degrees of freedom.

Allocating a radio frequency: Allocating a radio frequency to command andttrerdrone

as well as send a receive mission file and high definition images can be challengi

Qualitative Risk Assesment

The risk assessment was assessethbiel1 which is3x3 matrix; it can be easily

translated to a 5x5 matrix.
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Table 11- Risk Matrix

Consequences
Low Medium High

High

Likelihood ~ Medium

For item #1, the likelihood of this happening is high due to the fact the customer has
stated that they don’t invest in any new technology less than TRL-7. The conseqfehce
risk are high due to the fact it will cost the camp a large amount of money in research,
modeling, developing prototypes, and testing without aided investment. The risk has been

accepted and the proposed solution is to find investors for this product.

For item#2, the likelihood of this happening is hdire to the fact the FAA has restricted
the airspace for the desirable altitude for autonomous vehicles. The consequehcessK dre
medium because it is necessary to test the drone in a controlled environment dgfomment
to ensure all the safety standards are met. This risk will be transferreddastomer to seek the

appropriate approvals through the FAA.

For item #3, the likelihood is low because currently a lot of car manufacturing and
computer manufacturing are waiting for microchipd amemory. By the time this product is
fully designed and ready for production, this limited supply might be exhausted. The
consequences are medium because ordering the necessary parts can be well coamitthinia¢ed

supply chain organization.
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For item #4, the likelihood is medium because this is an area this dissertation needs to
investigate and resolve and the consequences are medium as well becauga fimdmising

object detection algorithm can be challenging.

For item #5, the likelihood is mediumdaaise this is an area this dissertation needs to
investigate and resolve and the consequences are medium as well becauga fimdmising

camera correlation algorithm can be challenging.

For item #6, the likelihood is high because this is an area this dissertation needs to
investigate and resolve and the consequences are medium as well becauga fimdmising

and cheap way to optimize the camera position can be challenging yet not mandatory

For item #7, the likelihood is high because integrating autonomy, object detection and
tracking and a@legrees of freedom device is challenging in its nature. The consequences are

also high because this is what most of the project needs to address.

For item #8, the likelihood is high because there are somedtioaiecurrently are
commercially available that send and receive the required information; howetlezr fesearch
is necessary to ensure that these frequencies can cover the altitude and distaeddoethe
customers’ needs. The consequencesigreliecause if the currently developed frequency
ranges do not work further research is required to establish the proper bandwidtbegotelca

amplification.

Advanced Development
The advanced development follows the process diagram in Figure 10e2‘8fstems

Engineering Principal and Practice” book. The purpose of the advanced development is to
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reexamine the validity of the system functional specifications developedeamtdydhe

components that are not fully matured.

Requirements Analysis
The requirement analysis is composed of analyzing system functionalcgiexis and

identifying immature components that require further study and mitigation.

Analyze System Functional Specs

The preliminary functional requirements were specified a@lyle10. The main
components of the systems were: structure and support, power supply and distribution, drive
train, wireless vision, navigation and steering, sensory system, recesiemigormation,
camera system and recognitiand tracking. These preliminary requirements were inserted to
guarantee that the system will meet its primary objective in the rough envirohoterdaions
specified. In this section we will analyze the functional requirementdigpean the
aforemationed table and identify redundant systems. Please note that these requirambats c
greatly explored on a much finer granularity level. The most importanteetent identified by
the customer is the accuracy of tracking. Thus, building a detaidelé! that shows the expected
accuracy is necessary. The second most important requirement identifiecchgttraer is to
meet all the environmental constraints specified by8MD810G. The customer specified to
ensure that the drone is fully operational for 2 hours to meet the field needs. Thusled detai
MBSE model is needed to estimate the energy needed and the power budget requirethe® meet
customer's need. The system shall provide the user withmeafeedback with a maximum 5
for upload and download data on a private frequency range. The drones shall be able to

communicate constantly with the centralized computer. Lastly, all tmeslhall have a
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common and global knowledge of the OOI throughout the scene even if they don’t have it on
sight.

Identify Immature Components

There are several components that require immediate assessment to ensureithg feasib
of the project. The first one is that the recognition and the object tracking chiesteat least
90% accuracy. The second is teere that all of the cameras achieve a common coordinate
system so they can reference a point in space regardless if they have it inngghtrdris to
ensure that the radio frequencies required to upload and download the data are surtdile for
time high definition feed. The fourth is to ensure that the proper estimation of weight and
structure of the drone. Lastly, power needs to be modeled to ensure the propepasiintiad
power budget. These tools will include: Matlab, Simulink, Python, Pspice, CATIAGIBkEt

CAMEO and Capella.

Functional Analysis and Design

Identity Functional Performance Issues

Each of these components present a critical characteristic that needs denltiécation.
Table 10.3 of Kossiakoff best describes the fiometl elements and their related critical
characteristics. In regards to the structure and support, the functionatnegeypiis that were
described previously stated that the structure and support shall be ruggedizédtandiall
environmental constraints described by the MILD810G. The critical characteristics that need
further specifications to meet such requirements can stress the strahgtke aarsatility of the
materials as well as the form and the join material should be designed in aceondth the
total weight, capacity of the body. That is why a prototype is essential foaquarpose. Power

supply and distribution requirements are: the system shall provide uninterrupted pa2ver fo
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hours straight, and it shall provide enough energy to operate the vehicle, anprtastg

power protection. In this case a full simulation and later verifying it on thetppet is needed.
The coordinated effort of the tracking of OOI is a new technology that needs to be proven i
various environmental conditions. The wireless communication needs to be verified in suc

environmental conditions and ensured at the desired altitude of operation.

Resolve Issues Design Software

Most of the design issues can be resolved using simulation tools for MBSH as w
functional simulations using Matlab, Python and CAD modeling tools. However, to edicat
performance specifications that are required to meet certain environcamdélons, simulation

development benches need to be built.

Prototype Developmén

In this section, the systems engineer will identify the subsystems and therants that
will present a risk to the development of the project and will require the advaneddpmheent
of the subsystems and /or the components. In this section steensyengineer asks mainly

three questions as the book suggests:

1) What things could go wrong?
2) How will they first manifest themselves

3) What could then be done to make them right?

Identify Unproven Technology
There are numerous unproven technolodiable12 below lists all the issues that need

to be developed by the advanced development team.
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The objective of this exercise is to design a system that is failsafe to the dilee an

objects insite.

Table 12- Unproven Technologies

Unproven Technology What things could  How will it first What could be
go wrong manifest itself done to make it

right?

Chassis and structure Not properly The electronic Materials for the
ruggedized due to thecomponents anthe ruggedization shall
environmental integrity of the be identified to
challenges. product will be withstand the

compromised environmental

challenges given in
a disastrous site.
Structural design
shall be done to
guarantee the
stress load on the
drone given thait
will be in harsh

conditions.

Power Not enough power  Assets will not work = Simulate the powe
Not well-designed at its full potential. subsystem by
heat dissipation. The battery will die in using electrical
Not well shielded a much shortetirne.  simulation
wiring harnesses. Overheat of programs suchs
Not well power components which pspice or matlab
distribution and may cause fire. Simulink.
protection ElectrcMagnetic Generate the

Interference(EMI) proper modeling

with other radios or  for the heat
components which ~ generated by all
will decay or distort  the components
the signal with a and identify the
significant noise. cooling method
and the locations
of the vents and

how heat will
dissipate from the
enclosure.
Networking Not able to The drone will be Verify that radio
communicate with  completely frequency and the
the centralized disconnected from the technologywill
computer due to work in a given
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noise and blocked  scheduling and scenario and at the
signal. feedback system. specified altitudes.
Not able to
communicate with
the operator and send
visual feedback

Object Recognition ant Not able to visualize The OOl will not be  Ensure that the

tracking the OOl due to lost from all cameras other camera data
environmental sight types will reman
conditions locked on target

and measure the
effectiveness of

having a
complementing
system.
Centralized computer Not be able to Drone positioning Maximize its
process all the data might not be memory and CB.
due to high volume  optimized. Also, create the
of requests and code to be as
scheduling highly efficient as
possible.

Design and Build Critical Components
In this section, the advanced development team will start simulating the identified items

above, as well as they will start developing the prototypéhfeiproject.

Development Testing

In this section, the advanced development team along with the systems testrenwdin
be developing the test cases that will determine that all of the design issues dldatifig the
advanced development phase have been satisfactorily resolved by doing asimuidtuilding
a prototype. Another objective for this development testing is to assure that theteubsy
interfaces are properly selected. During this testing phase, the system t@gtdd againsteh
upper and the lower limits. This will give the team a high confidence that the sygtem w
properly work in the specified environment. One of the more important reasons for theealdvan

development team to build the prototype is to determine the cost and the manpower required to
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build and test the system. Lastly, this step will help the systems engineeifse &gt engineers
developed a detailed TEMP document which will be described in section 6.0 below. Kdssiakof
stated that a welplanned development test program generally requires the following procedures
1) development of a test plan, test procedures, and test analysis plan;

2) development or acquisition of test equipment and special test facilities;

3) conduct of demonstration and validation tests, including software validation;

4) analysis and evaluation of test results; and

5) correction of design deficiencies.

This test is normally done by the developers along with some test engineeas@iadly it is

done at the unit level then at the subsystem level, in other words, there are ufutitoestsl by

integration tests that validate that all components are working properly togethe

Build Test Setup
In this section, the test cases for the advanced development team will be crgatéyg to
the risk presented above has been addressed with high confiflabtzl 3 below shows the test

environment needed to meet all the customer requirements.

Evaluate Test Results

In this section, the tests will be evaluated and reported upon completing all the
simulations. The evaluation is normally documented to ensure the proper traceéhilithe
risks presented at the beginning of this phase. For any deficiencies, theealddenelopment
team will suggest corrective actionstltan be rgrototyped or simulated to close the risk

items.
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Subsystem/component
Chassis and Structure

Power

Networking

Object Recognition and
tracking

Centralized computer

Table 13- Test Environment

Equipment Facilities needed
Stress facility
High-temperature chamber
Low-temperatug chamber
Vibration benches
Explosive chamber

High humidity chamber

Low humidity chamber
Electrical shock bench
ElectroMagnetic Interference
chamber

Salt and humidity
environment

Hydrostatic chamber
Radiation chamber

Shock benches

Electrical shock bench
Stress test

Restrictive chambers and
facilities to radio signals that
mimic various altitae and.
combined environmental
challenging conditions.
Simulated OOl site condition
at various speeds and
directions.

ATP for request submittals tc

simulate drone requests and
simultaneous uploads
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Test functions

This test will verify that the
structure and enclosure will be
able to withstand the harsh
environmental conditions.

This test will allow the system
to meet the electrical shock test
in MIL-STD810G.

The stress test will operate the
prototype for an extended
period of time on a mission
case for testing purposes. This
test will verify the battery life
and the functionality over a
long period of time.

This will verify that the
networking using the proposed
Radio frequencies will meet the
mission demands.

This test will verify that the
object detection and tracking
system will properly operate in
the specified conditions.

This test will allow testing the
centralized computer under a
stress test.



Software Systems

The software system for this project is composed of:

1) Hardware embedded software and firmware
2) Realtime Operating System

3) Application program and backend software
4) Data structures and data storage

5) User Interface.

6) Documentation

The application systems engineer will be responsible to create the safvyarements
whereas thembedded software and hardware firmware will define the protocol for motors,
sensors, on-board processor, and on-board memory to process the data for autonomous
capability. The coding language recommended is C since it is a universaldentjues, it can

be portable and the dronesipabilities can be upgraded later.

There are two operating systems for this project. The first operatingnsigstle on
board Real Time Operating System (RTOS). This operating system is thebiserésponsible
to handle all the autonomous scheduling between all the components of the drone. It also
receives and schedules operations fronctralized computer. The second type of operating
system is a distributed operating system. This is the operating system that is amtiiag
centralized computer where it allows each drone to have its own RTOS whilkilsttp¢he
main tasks and receives and handles all the data coming from the field assetscontmended
RTOS is: RTLinux since it is a microkernel that runs the entire Linux OS as gfabynptive

process.
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The application software and the backend. Is the software that is runtigg in
background that handles all the communications schemas. The recommended lrghage
backend software is C++ since it is one of the mostly efficient languages. iAtsoilse front
end, which will be discussed shortly, needs to communicatetigtbentralized computer. A
good web request can be done using the Simple Object Access Protocol (SOAP). Teebuild t

SOAP functions, an automatic translation from the schema can be done using thegDagda

The data structures and data storage areedetechandle all the submitted data from all
the drones, which will allow the centralized computer to re-task the drones proasely on the
predictive analysis of the OOI. The recommended data structures are Natteatied Storage
(NAS) devices as well as databases that associate the location on the map withtthéhpat

files.

The user interface is what allows the user to see the latest site, print it, seesvanahén
is seeing realime, and command it to perform certain actions. Upon requesting the drone to
perform a certain action, this command will be delivered to the centralized crnpptoperly
schedule the drone to perform the action. This allows for data coherency of thesygteta.

The recommended user interface is Hyper Text Matlkanguage5 (HTML-5) which allows

the developer to update the content and the look and feel of the user interface more easil

The documentation shall use the UML tools to explain the use cases, the strudtare of t

software, the behavioral and the natetional cases with the software.

The software shall use the agile {dgcle which allows the developers to release the
software on an incremental basis fully tested and qualified. The duration fos@am is

recommended to be 2 weeks and a releassupt every 3 scrums. The product owner and the
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scrum masters are encouraged to change the scrum period. Some of the softerasevgiide

prototyped in the next chapter.

Engineering Design

The objective of this phase is to design systems comporethts tlesired performance,
cost and schedule per the requirements. In this phase all interfaces autiamnerlare well
identified and defined. The system is configured on a modular base where it ¢itightty
coupled components together in a single module. In this phase all components are dedigned a
prototyped. During this phase there are two major design reviews: Prelirbiesign Review

(PDR) and Critical Design Review (CDR)

In this step all the interfaces and the interactions are identilednally the design
starts with a preliminary concept diagram as was showfigure4 in the previous section.
Then the interfaces and interactions are identified on the block diagram. The obtonale
interface is the application specific radio, which allows the communication wittethsal
computer, or sends visual real-time feedback to the user. The second obvious exteacd inte
is the camera, and sensory components. This allows the drone to gather data anychinoage
the OOI. There are numerous internal interfaces, since the objective is to mzedbia system
for maintainability. Al®, modularizing the drone will increase the reliability since the system
will be partially missioncapable upon a failure of a component. These interfaces are indicated
by the arrows to each component listed below. Some of these interfaces irtbieicheE

connectors, dype connectors and wireless interfaces.

A great tool that | learned from the systems engineering certificatédweed from MIT

is to use the Design Structure Matrix (DSM). This tool allows the system entpnésualize
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and to modularize the subsystems into smaller modules, as well as the interfaees bee

modules. The DSM for this project is shownkigure5 below.

key Sort | # A B CDEFGH 1 J KLMNOTPIG QRS T UV W X Y Z AAABACAD AE AF AG AH Al
A1 Chassis Al X X x X X X X

A2 Frame and Body B(X = x x X X X X X X X X X X X X X X X X X X X
A3 Nuts and Bolts c|x x & X x X X X X X X X X X X X X X X X X X X X X X
A4 Landing Suspension D|X Xx X[ X

A5 Springs E|X X x x |3

A6 Flight Surfaces F X x X X X X

B1 Battery Bank G X x G X X X X X X X X

B2 Elec Components H X X X X X X X X X X X

B3 Fuse Box 1| x X X S

B4 Wires J X LR X X X X X X X X X X X X X X X X X
B5 Fuses K K X X X X X X X X X X X X X X
86 Boards L X x x| x X X

B7 Connectors M X X X X X X X X X X X X X
1 Brushless Motors N|[X X X X X N X X X

C2 DT uProcessor [o} X X X X X X

c3 DT Memory P X X X X X X

C4 Hexacopter Blades Q X X X X

C5 Motor Sensors R X X X

D1 RGB Camera S X X X X X X

D2 Thermal Camera T X X X X X X

D3 LiDar Camera u X X X X X X

D4 RADAR Camera v X X X X X X

D5 Vision uProcessor w X X X X X X

D6 Vision Memory X X X X X X X

E1 Object Detection Sensor Y X X X X X X

E2 Steering Mechanism z X X X X X X X X X

E3 Nav. uProcessor AA X X X X X X

E4 Nav. Memory AB X X X X X X

E5 Attitude Sensor AC X X X X X

E6 Altitude Sensor AD X X X X X

F1 WT. Radios AE X X X X X

F2 WT. uProcessor AF X X X X X

F3 WT. Memory AG X X X X X

F4 WT. Antennas AH X X

F5 Ground Station Al X X X

Figure 5 - DSM Module

Integration and Evaluation

The objective of the integration and evaluation phase is to test and evaluatedime syst
performance and the systaamergent behavior meets ik operational requirements. During
this step the system will be validated and verified. In the validation step the syiitemtested
against the requirements of the customer to guarantee that it meets the misisaf tiee
customer. In other wos] a given scenario will be built with a known ground truth table provided
then a quantitative accuracy measurement will be performed against all sgstg@onents such

as the user interface, the centralized computer, the drones data gathered anetlibton on
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all the measurements against the ground truth. This step will involve acceptdrazgtability
with external customers. In the verification step the whole system will be testedtdiga
requirements as a formal test with the presence dtiadity Assurance team. The test
procedure will be written by the systems test engineers accordingregtiieements document.
Each requirement will be mapped to a test case. During this phase the Test aatdaval
Master Plan TEMP document will dictate the plan for the testing criteria. A sindplii®/P

document to show the sections and the potential content of each section.

- System Introduction

The network of autonomous drones will assist the S&R team with the aforementioned

applications. The drones also will send visual feedback to the user.

0 Mission Description

The mission for this document is to describe what is planned to be done at each

stage of the development of the system.

o0 Operational Environment

The Operational Environment will be descdla this section where the normal
operation will be specified. However, the environmental testing will be
completely outside of the operating range. Normally, it specifies a staradar

meet, such as MUSTD810G as described by the requirements stai@geab

o0 Measure of Effectiveness and suitability.

The measure of effectiveness and suitability is described by the properaperati

of data retention and recording capability during all the extreme testinghses
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by MIL-STD810G, as well as the ability tommmunicate real time with the

centralized computer.

0 System Description

In this section is described the functional and operational system description. As

well as the functional decompositions of the subsystems.

o Critical Technical Parameters.

This sectiorwill identify all the critical technical parameters that the system
needs. Such as the number of channels, input, output, buffer range, expected
message flow in the worst case, restricted access and loss of communidétion wi

the centralized computer.

- Integrated Test Program Summary

o Test Program Schedule Management

In this section the schedule will be set for all the testing procedures. Indtisse

it will indicate how it will be weaved into the development process. For instance,
all the unit testingvill be done after some sprints in case the development is
following an agile process. Then some integration testing will be done at every
major release. Going back to the project on hand, it is following an agile process
with every other week we have @eration. During this iteration, a hardware

system is built, unit tested and the associated software is built and unit tested.
Every 3 iterations we have a major release. In this release a major functiohality o

the system is integrated and tested. Wag, the testing is following the right
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branch of the V model. During the integration testing, the unit undergoes
environmental testing according to MIL-STD810G and functional testing of the
whole functionality. Any undeveloped software or hardware disugns will be

created to emulate the undeveloped sections of the project.
o Participating Organizations

In this section, all the participating organizations will be specified. This includes
the testing team, the validation team, the simulation teamystenss engineering
team including testing the hardware team, the software team, the human factors

team, and safety and reliability and quality assurance (QA) team.
- Developmental Test and Evaluation
o0 Method of Approach

In this section, the method of testing will be developed. For instance, some of the
algorithms will be simulated or emulated using driver and stubs software because
the hardware sometimes is not in line with the software. Therefore, thesoftw
emulators will be used to temporarily replace lardware until it is done.

Therefore, this section will be describing the methods that will be used.
o Configuration Description

In this section, the configuration will be specified for the test and evaluation for
each release. This will hold the wholestem configuration of the test. This is the

configuration that was agreed on at the Critical Design Review (CDR).
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0 Test Objectives

In this section we specify the objectives for this test, for instance, the test will be
used for integration of the specifielease, durability test, unit test. Each test

section will be specified.
Event and Scenarios

This section describes the events used for each test. As well as scenariafin whi
the system will be properly operating outside the specified range, it hizsafefa

in case of a specific event to not cause harm to the operator, or anytlsitg.on-

Operational Test and Evaluation

o Purpose

The purpose of this section is to specify the test needed to guarantee the

operational requirements.

Configuration Description

Similar as above but to guarantee the operational needs.
Test Objectives

Similar as above but to guarantee the operational needs.
Event and Scenarios

Similar as above but to guarantee the operational needs.

Test and Evaluation Resource Summary
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Test Articles

This section will specify the articles of the requirements that will be tested

against. This is normally created and traced in doors.

Test Sites

This section will specify a special location that needs to be used such as a
building that has a deep pool for compression and submersion testing, or another
building for explosive testing, or specify a certain vibration bench, or in a certain

location such as a simulated operational site.

Test Instrumentation

This section will specify the tools needed: sustaanultimeter or spectrum

analyzer.

Test Environment and sites

Similar as above in a greater level of detalil.

Test Support Operations

Personal needs and support such as simulator support personal

Computer Simulations and models

In this section, we carpscify the requirements for a given simulator that will

allow us to properly test the system.

Special Requirements.
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In this section, we specify any special requirements for the testing such as

humidity level, or any other condition needed.

Production

The poduction phase objective is to lay the groundwork to be able to reproduce identical
hardware and software of the prototype developed for this project. The requsdonehe
tooling, facilities, and the technology that will be used for production are nordedihed
concurrently during the previous phases of the design. Other than the facitties! ier the
testing, the facility for production will require a set of stations where the prodwan be
pipelined to maximize the throughput. Each stage will be responsible for a subséthe
system all the way to final assembly and full integration phase. These ataggsng to be
defined after the simulation of the most efficient critical path. All the tooling andjthipreent
will be well defined after finalizing the configuration. All the parts will be taken from cutout
trays to reduce any missing parts to the final product. A full design should have been done
concurrently to the project and include in the design phases the appropildteaiad tooling

experts to better define and simulate the production facility.

Operation and Support

The objective of this phase is to define the operation and support of the lifecycle of the
product including sustainment and modernization. This product can be offered through three
packages: the first package is the silver package where the customer bygtetineasid he/she
is responsible to maintain the system and operate it. The second package is thpapiddge
where the customer buys the syst@ith limited maintenance. The third package is the
platinum package where the customer buys the system including full maintemahnice

support, data analysis and upgrades by paying a monthly fee; in other words$urhigey
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service. These paales are designed to attack the various levels of customers. For the
platinum package, our company will be responsible for the operation and support including
installation and assembly, test;sarvice support and upgrades. During the fielding and
susainment of the product, a detailed analysis will be collected to incorporatelthisgiges in

the second generation of the autonomous network of drones.
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CHAPTER 2- SYSTEM OVERVIEW AND ARCHITECTURE

Introduction

Object tracking is an active resela area in computer vision thanks to the increasing
demands in the Intelligence, Surveillance and Reconnaissance (ISR) apmdicatil the
Autonomous Vehicles Systems (AVS). The tasks of computer vision object traokisigtoof:
Image sensing, image enhancement, background extraction, object clémsjftcatking of the
object of interest and feedback analyzer. To facilitate the developmensgracgsual sensing
system is used; however, it is recommended to use a quadruple redundant systbat Humh t
complement each other. This quadruple redundant sensory system is compos&Rpf LiD
Visual Camera (RGB), and Thermal Camera, and RADAR sensor the performaamd of
system is shown oRigure6a. The Webgraph onFigure6b shows the combined performance of

the four sensors and shows how they complement each other.

Combined Performance

LIDAR

aaaaaaaaaa

Figure 6 - (a) Performance of various sensors, (b) Sensors combined performance

I H.williams and S.Simske, “Object Tracking Continuity throdghck and Trace Method|S&T, 2020
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System Overview
The proposedystem will span across three phases as listed betowmever this

dissertation will mainly cover the first two phases of the design.

Phasel: A single static camera that observes the seen,

Phase2: Multi static cameras that slightly overlap their feetaf view,

Phase3: A Moving camera, where the system controls the 6 degrees of freedom of the

camera source assuming it is fixed on a rigid body as showigare7 below.

Phase-3 Moving Cameras

__________________________

Figure7 - Three Design Phase

The modules are divided as the tasks mentioned above to facilitate the enhancement of

any of the subsystems independently.

The image sensing requirements dictates the camera technology to be used. The camer
technology is not limited to only the resolution and the field of view of the camera but
also the frequency range for example the frequency requirements couldite ofuitke

visual range such as in the microwave and infrared range in the military applizad

in the x-rays or higher in the medi application.

The image enhancement also referred to as the image processing module istespons

for noise removal, sharpening, deblurring, and normalizing the image.
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The background extraction can be achieved with background subtraction; however, a
more elaborate subsystem needs to be in place to account for the dynamic scene changes
for instance, changing in illumination, shadow casting. In static the aaptbe system
shall account for subtle changes as part of the background such as flyiogtfize
branches moving; however, moving camera, on design ghtsesystem shall account
for moving background.

The object classifier is responsible to detect and recognize the object dtintitea
machine learning algorithm. These algorithms lsarchosen from many different
algorithms such as Convolutional Neural Networks (CNN), Support Vector Machines
(SVM), or statistical based models such as the likelihood ratio.

The tracking subsystem is responsible for predicting the next location of jbet Ob
Interest (OOI) based on the previous trajectBiayrt of the tracking subsystem is
gathering enough data from the camera mesh system to simultaneously lochhzapan
using a SLAM (Simultaneous Localization and Mapping) system. This will etiale
devices to properly route track the OOI over the geographical maps which in réturn w
enhance the overall route prediction. The drones SLAM function will also enhance the
photogrammetric quality of the reconstructed 3D scene.

The feedback analyzer agss the figure of merit to the system.

The camera controller decides which camera to turn on to keep OOl in view for phase-2
and controls the vehicle in phase-3.

Lastly, the cameraorrelator performs the affine transformation between the various

camerasiéld of view in Phase-2.
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Figure8 shows the system overview of system for Phase-1 which is discussed in this paper.
To better control the scenario / testing the scene was synthesized. This passedishe

related work, the theg of each subsystem, then follows with the results.

Track and Trace System Block Diagram

Identified Location Predicted Output

Tracking Algorithm

Object of interest obstructed
/ unidentified Interrupt

Detection
(AT Algorithm)

——Video Strcam—P>, Image Processing Pixel Location———| Object Tracking Trajectory Predictor

Background Subtraction Binary I

Current Detection Location

Feedback Analyzer

Current Tracking Location /
Previously Predicted Location

System Figure OFf Merit (FOM)

Figure 8 - System Block Diagram

Image Processor Subsystem

The input to the image/video processing subsystem is a video steam. The input is
separated into image frames, wheseleframe is normalized, histogram equalized, deblurred
and sharpened. Then each frame is assigned to a red, green and blue channel deheleas t
saturation and intensity channels. This allows for a custom usage of each ahdmaeletection

and the tracking subsystem. Thus, the output of this subsystem is the processed RGB and HS
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subframes channels as well as an image enhanced grajsgaie9 shows the block diagram

of the image processor subsystem.

Image Processor @xm—p  Red Component

Green Component

5 > Blue Component

Video Stream Grayscale Component

rmalized image
am) of size @zm=—  Hue Component

@xm=—P Saturation Component

image frame

mponent (Hue, @x=== 1 ightness Component

=
s
500 150

20 50 750 1000 1250 1500 1750

Figure 9 - Image Processor Subsystem Block Diagram

Background Subtraction Subsystem

The Background Subtractiésubsystem takes the output of the prior subsystem which
consists of the RGB and the HSI subframes and performs edge detection, ardatieth
morphology functions and thresholding also known as opening, closing, erosion and dilation on
each subframe to extract the object in the scene. This subsystem also perfarergatem
such as watershed function to separate multiple overlapping objects. Thésrémiitsubtracted
from the base image to extract the moving objects from the fixed ones. At adgterasiother
function will be added to remove subtle movements that are based on repetitiveatespiioal

characteristics such dgihg flag, or tree branches moving to better perform in the outdoor

2 L. Maddalena and A. Petrosino, "A S€fganizing Approach t8ackground Subtraction for Visual Surveillance
Applications,"IEEE, vol. 1057, no. 7149, pp. 116977, 2008.
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environmentFigure10 below shows the output of this subsystem which is a frame that consists

of only the moving objects.

Egsay

B0 500 750 1000 1250 1500 1750

Figure 10- Background Subtraction Block Diagram

Detection Subsystem

The input to the detection subsystem is the output of the image processor subsystem
which consists of the RGB and the HSI subframes. This subsystem is respanisibiee the
Object Of Interest (O in the scene. Later, this block utilizes a variety of custontraieed
learning algorithms that the user can select; however, up to this point a Convoluganal N
Network (CNN) was developed and is presented in this paper. This subsystem oetputs th
centroid of the OOI. The centroid is calculated based on the binary image of theap@] thus,
it is morphology-based calculation of the centroid. This subsystem only exetctites a
beginning when the system gets powered up and locates the OOI or when an intenngpt occ
The interrupt occurs if the object tracking subsystem fails to locate the @@ dbfuscation of

the OOI in the scene. Figure 11 below shows the block diagram of the detection subsystem.
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centroid of the object

Figure 11- Detection Subsystem Block Diagram

Object Tracking Subsystem

The input of the object tracking subsystem consists of the OOI centroid that was
previously calculated by the detection module, the OOI valid bit, and the geyseale output
from the background subtraction module. The subsystem consists of multiple trdgknitfra
that are native to openCV. Some of these algorithms are Boosting, Multiplecistsarning
(MIL), Kernelized Correlation Filter (KCF), Tracking and LearnDetection (TLD), CNN
tracker (GOTURN), Minimum Output Sum of Squared Error (MOSSEY Discriminative
Correlation Filter also known as DGFSR. All these algorithms and their performance will be
compared and contrasted in a later paper. A compressednvefdghe OOl will be used to
expedite the process. In this paper, this subsystem is not developed yet. The output of this
subsystem consists of the binary centroid of the OOI and a validity bit thateslibat the

object has been found by one of the algorithms stated above. The main difference of this module

3D. Bolme, R. Beveridge, et al. “Visual object tracking using adaptive comelfiltiers” IEEE Computer Society
Conference on Computer Vision and Pattern Recognifipn25442550, 2010.

52



and the detection module is that this module is dependent on a temporal knowledge based on the
multiple frames; thus, it performs faster than the detection mdeigiere 12 below shows the

block diagram of this subsystem.

Object Tracking
OOI Centroid Enabled

OOI Centroid ~ ———

stz OOI Centroid

Centroid = (400,500)

.
-
w o
=
o -
-

aaaaa

a

I

Figure 12- Object Tracking Block Diagram

Trajectory Predictor Subsystem

The inputs to this module are the centroid of the OOI, the validity bit, and a user defined
number that ittates the amount of time to extrapolate the trajectory path. This subsystesn store
the discrete centroid location of all open hypotheses then performs a cubicrgplipelation to
extrapolate the prediction to the amount of time requested by the user. This ati@npmirve
describes the characteristics and the behavior of the OOI which assistingbaiimodel for the

OOI. Figure13 shows the block diagram of the trajectory predictor subsystem.
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Figure 13- Trajectory Predictor Block Diagram

Feedback Analyzer Subsystem

The input to this subsystem is the coordinates of centroid and the predicted trajectory
calculated from the trajectory predictor module. In this subsystem, theaag®f the overdl
system gets accessed by comparing the trajectory to the detected moduleiginenad merit

gets assigned to each coordinat€&igsire14 shows below in the block diagram.

Data Valid

Feedback Analyzer

New Data Valid —————i———»|
Input:

Data Valid, 2 ta valid bits

Coordinates: XY ——>  FOM

the
And assigns

Trajectory Array,
Output S g Output
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s boke &

200 a3
400 fmeemeee P —O———— —— ——
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€00 L

-
o
1000

TR TR T T P T

Figure 14- Feedback Anaber Block Diagram
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CHAPTER 3- OBJECT RECOGNITION USING DEEP NEURAL NETWORK

Introduction

Proper object recognition and classification is an essential task in obEaend.
Traditionally, object recognition has been performed using three specgfessiehe first is
object localization which is done by a sliding multiscale window. Understandhislys &a
computationally challenging task. The second stage is to perform featurdiextusing Scale-
Invariant Feature Transformation (SIFT), the Higton of Oriented Gradients (HOG), a Hough
Transformation or other digital signal/image processing techniques whiciyrnompares the
most remarkable features to features in a known database from the supervised peese.
Lighting, orientation and phaal obfuscation pose challenges to these techniques. The last stage
is to utilize Support Vector Machines (SVM) to make the representation morechieghand
semantically descriptive. These traditional techniques are very successfuplistic scenes;
however, in more complex scenes — with lighting, shading, partial obfuscation, andtionenta
challenges- these techniques face multiple drawbacks. For this reason, more modern techniques
have emerged. Convolutional Neural Network (CNN) is one of the modern techniques that
showed remarkable results in the last decade. Some of the CNN algorithms cithalimeen
three stages discussed above: localization, feature extraction and thecalamsiithin the

algorithm itself such as RCNN. Other CNN aitfams combine only the latter two.

The Convolutional Neural Network is composed of the following functions and

subfunctions a&igure15 shows below?

4 https://towardsdatascience.corafamprehensivguideto-convolutionaineuratnetworksthe-elis-way-
3bd2b1164a53
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Feature Learning Section
o Convolutional layers
o Pooling layers
Classification $ction
o Flatten Layer

o Fully Connected Layer

o SoftMax Layer

— CAR
— TRUCK
— VAN

D D — BICYCLE

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATIEN o ep SOFTMAX
FEATURE LEARNING CLASSIFICATION

Figure 15- Convolutional Neural Network

The Feature Learning Section is composed of a series of Convolution and Pooling
Layers. The Convolution Layer is responsible faraocting the higHevel features in the image
such as the objects and shapes; this level of extraction is not normally done in one conlolutiona
step; thus, an effective CNN is composed of multiple convolutional layers. ThHayess are
responsible for low-level features such as dots, lines, edges, color, orientatidhetheore
layers added, the CNN captures and extracts a more refined set of featured tefas high
level features. The second main operation in the feature extraction is hallgabling layer.
The pooling layer is responsible for reducing the spatial size of the fealress mainly to

reduce the computation complexity and extracts only the more dominant feltaceght
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dimensionality reduction techniques. In other wopigling is responsible for noise

suppression.

The Classification section is composed of a flattened layer, fully comhlagter and a
SoftMax layer. The flattened layer and the fully connected layer createlaear combination
of the highlevel featues extracted by the prior section. Lastly, an activation function such as
SoftMax is used as a logistic function to normalize the output of the network to a ptgbabili

distribution over the various classes.

This chapter shows various CNN architecturesamdpares their performance; it also
shows a technique in combining these architectures as an architectural collalagatoach to
enhance the results. The dataset that is used to perform this benchmark is the Gtasfor

dataset, which is discusseddetail in the next section.

Stanford Cars Dataset
The Stanford Cars dataset is available to be used for research purposes daihtosim
the ImageNet license. It comprises 16,185 images of 196 classes of slansvasornFigure16

below.

Figure 16- Stanford Cars Dataset Images
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These images are taken in various lighting conditions, backgrounds, size, aneareti
even motion blur, all these conditions create a great representation when trgisgjie r

recognition in real world applications. Examples of these conditions are shdvwguoel7.

Figure 17- Example of Image Conditions

The dataset is composed of the aforementioned images, and development kit which contains

a table with the following fields:

File name,
Corresponding class label
Bounding box for the car in the image.

Training/Testing label suggestion field.

Approach
Image Processing and Enhancement for Training

To prepare the imageifthe CNN training, each of the images was cropped according to
the bounding box as specified in the dataset development kit. This allows the tragontpmal

to properly learn the object of interest features of each class without coateagithe features

5 http://ai.stanford.edu/~jkrause/cars/car_dataset.html
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with objects in the background or the surrounding including features of other cars in the

background.

Since the learning used in this approach was the transfer learning methodolsgge the
of the images had to follow the image size previously specified by the algoritius. the next
step in the preparation is to change the size of each image according to fitienalg®

described by Tabl&4.

Table 14- Algorithm Image Sizes

Algorithm Image Length Image Width # of Channels
VGG16 224 224 3
VGG19 224 224 3
DenseNet201 224 224 3
NASNetLarge 331 331 3
InceptionV3 299 299 3
Xception 299 299 3
InceptionResNetV2 299 299 3
MobileNetV2 224 224 3
ResNet50V2 224 224 3
ResNet152V2 224 224 3
ResNeXt50 224 224 3

The size adjustment also created an effective data augmentation since the featachs of
class was changed due to the compression or expansion of the shape differenthateditgict

the pose of the object in the image.

The last step in thage preparation was to change the dynamic range of the images and

perform histogram equalization. Lastly, all the images were normalized.

The data was assigned to a training (80%) and a testing (20%) set. From the 20% of the

testing set, 15% was used for validation and the 5% was used for final testing.
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Data Augmentation
Due to the fact that the training data is small for some of theatmurst algorithms, data
augmentation was necessary to accomplish an effective training. Thus, thénipliiaia

augmentation were performed to increase the data size:

Random Crop (between 10% to 15%) from either direction randomly
Horizontal Flip

Vertical Flip

Rotation (between -15 degrees to 15 degrees)

Shear Distortion (between -10% to 10%)

Change the Hue and Saturation of the images (bet¥2€éf to 20%)
Apply Gaussian Blur (between 0 to 1.5)

Apply Sharpening (between 0.7 to 1.3)

Apply Embossing (between 0 to 1.5)

Learning Algorithm Architecture

Initially, the architecture of the Convolutional Neural Network was ttooted without
any prior knowledge of the images or classification using a blank VGG16 sequendial. The
result was understandably unsuccessful, the optimum accuracy achieved \emnld$$. Thus,

| resorted to the transfer learning methodology.

Transfer learning is a machine learning technique where the model that wagpddvel
for a specific task is partially reused for another task. In other words, thietdaasning
methodology allows to take features learned on one problem and lever@agangjrhilar
problem. This is normally done by freezing the top layers of the model anddgraimly the last

layers of the model. In the next sections all the architectures discussedubetbtwansferred
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learning with the initial weights of the traimg performed on the imageNet dataset. Lastly, the
last dense layers were unfrozen to allow the model to be trained on the disturetsfedthe
196 classes of cars. This methodology achieved much higher accuracy, as shown by each

architecture below.

Another methodology employed in our application which contributed to the faster
learning was the cyclical learning rates for training neural net®orkstraditional learning rate,
it is not a trivial task to choose the optimal initial learning rate; &lsodifficult to
monotonically change the rate because it may plateau (asymptote agjlalmaroptimum) or
jump over the minima. Thus, the cyclical learning rate was developed by Lestrei® 2017 to
address these shortcomings. As discussed in Smith’s paper, the most impodeapalsmeter
to tune for training neural networks is the learning rate. In the referenped panew method
namedcyclical learningwas developed to find the best values and schedule for the global
learning rates by cyclically varying the rate between two reasonable rateslynthe base
learning rate and the maximum learning rate. Initially the learning rate ismaty,overtime,
the learning rate increases until it reaches the maximum learning rate (Steftt 8iza)cycles
back down to the minimum value again and continues cycling throughout the training as shown
onFigurel8. Another variation of this method is to decrease the Maximum Rate either linearly

or logarithmically which allowshe algorithm to reach lower loss areas.

6. Smith, “Cyclical Learning Rates fdiraining Neural NetworksIEEE Winter Conference on Application of
Computer Vision (WACV2017 pp.46472
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Figure 18- Cyclical Learning Rate (a) Fixed Rate, (b) Linearly Decaying Rate, (c)Log Decagteg R

The cyclical learning rate method promised to achieve a higher accuractyarfeus
epochs. The result of this learning rate is clear in each of the accuracy djispissed in the
next sections. Each architecture model achieved at le&@%®0accuracy within the first 4 to 6

epochs.

Our learning algorithm was developed in python with the configuration and package
versions listed in appendix 1. The learning algorithm has the follopargmeters: for the
cyclical rate, the base learning rate was set Yoahel the maximum rate was set t¢* 2lee step
size was set to be 4 times thaiting size / batch size. The learning rate was set to be
logarithmically decaying. All the algorithms below used the transfer learriigw@dth the
initial weights of the imageNet. Lastly, the top layers were frozen from timngathus, only
the late dense layers were unfrozen for the training. The next section discusse$téach o

architectures used and the results that were achieved. The last section discUkday ative
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technique that was developed to reduce the error even further. Totlcbdekrning and the
progress of the training, the images were divided into 5 folds, where each fold contanesidif
images from the dataset. This enabled a proper average of the accuracy acrassuhl

architectures.

VGG16 Convolutional Neural Network

VGG16 Architecture

The VGG16 is a convolutional neural network model that was proposed by the Visual
Geometry Group (VGG) at Oxford University by Simonyan and Zisserma@15 in the paper
“Very Deep Convolutional Network for Largeeale Image Recogion”’ when it was one of
the first networks that achieved remarkable results for the ImageNettd@agch is composed
of roughly 14 million images from 1000 classes). The main premise of the V&i&eatares is
that the convolutional layer kernel is fixed at a 3x3 size, and more depth is added totrk net
to accomplish the learning needed. For this reason, this group created sevemictiBg&tures

starting with VGG11 to VGG19 akable15 shows below.

K. Simonya, A Zisserman, “Very Deep Convolutional Networks for e&gale Image RecognitionCLR, 2015.
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Table 15- VGG Convolutional Network Configuration

ConvNet Conﬁéuration

A A-LRN B C D E
11 weight | 11 weight | 13 weight | 16 weight [ 16 weight | 19 weight
layers layers layers layers layers layers

input (224 x 224 RGB image)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
FC-4096
FC-4096
FC-1000
soft-max

The VGG16 architecture is composed of 41 layefsdnd 40 t-1" connection this is
because the VGG16 network is a sequential network. The input layer is fixed size d2224 x
3 as Tablel4 showed previously. The image is passed through a stack of the convolutional
layers separated pooling layersragure1l9 shows. More precisely, the input layer is followed
by two sets of double convolutional layers then a pooling layer, then three setsneb8itonal
layers then a pooling layer, then followed by 3 single fully connected layersilasegsiently a

dropout layer. The first fully connected layers were of size 4096 and the later oh@00as
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Figure 19- VGG16 Architecture

In our application, the fully connected layers were the only ones that were rest. fAiz
first the same architecture discussed above was used, then the fully connectesizayand
guantity were inreased and decreased to test the performance. The next section discusses the
best results achieved with five fully connected layers where the firsizmnwas set td096; the
second layer size was set to 2048; the third layer was set to 1024; the fourth kaget teeb12;

and the last layer was set to 196 to match our class size.
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VGG16 Results

Despite the fact that VGG16 achieved remarkable results on the ImageNet Rataset,
well as it had significant performance on Benavides and Tae%é#msrachitecture performed
very poorly on the cars dataset Fagure20 shows belowand | was not able to replicate the
results in the paper referenced ahoMee highest accuracy achieved on the validation was

1.044% and the log loss never fell below 5.2.

VGG16_Loss

Figure 20- (a) VGG16 Accuracy, (b) VGG16 Loss

The results were likely poor because all the car features were very sirhgaredults
improved only when the class size was reduced from 196 classekats@&s, the largest number
of classes for which accuracy exceeded 80%. For this reason, this arohitactoot be used for

the application proposed in this paper.

8N. Benavides, C. Tae, “Fir8rained Image Classification for Vehicle Makes and Models using Coivadilit
Neural Networks'CS230 Stanford
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VGG19 Convolutional Neural Network
VGG19 Architecture

The VGG19 is another convolutional neural network model that was also proposed by the
Visual Geometry Group (VGG) at Oxford University. The main differenteden VGG16 and

VGG19 is the number of the convolutional layersagire21 shows.

E relud_1
eluLayer

Figure 21- VGG19 Architecture

The VGG19 architecture comprises 47 laydrs and 48 £-1" connections. This is
because the VGG19 network is a sequential network, just like the VGG16 describeprinrthe
section. The input layer is fixed size of 224 x 224 x Jasdel14 showed previously. The image

is passed through a stack of the convolutional layers separated pooling |&igig@21
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shows. More precisely, the input layer is followed by two sets of 2 convolutioeatlthen a
pooling layer, then three sets of 4 convolutional layers then a pooling layer, tloevetbby 3
single fully connected layers followed by a dropout layer. The first fahnected layers were

of size 4096 and the later one was 1000.

In our application, the fully connected layers were the only ones that were rest. fAiz
first the same architecture discussed above was used, then the fully connertesizayand
guantity were increased and decreased to test the parfoe (a form of sensitivity analysis),
similar to the VGG16 experiment discussed above. The next section discussesrisulies
achieved with five fully connected layers where the first one size was 4896, then the
second layer size was set @43, the third layer to 1024, the fourth layer to 512, and the last

layer to 196 to match our class size.

VGG19 Results

Again, even though VGG19 achieved remarkable results on the ImageNet Dataset, and
most of the higHevel and lowlevel features were tnaferred to our application using the
transfer learning techniques, this architecture performed very pooithearats dataset (as
Figure22 shows below). The highest accuracy achieved on the validation was 1.105% and the

log loss never fell below 5.2 as well.

The results were poor, in all likelihood, because all the car features wergméay.
The results improved only when the class size was reduced from 196 classesseq tie
largest number of classes for which accyreaxceeded 80%. For this reason, this architecture

cannot be used for the application proposed in this paper.
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The DenseNet201 is a convolutional neural network model that was proposed by Huang,

Liu and other authors in 2017 in the paper “Densely Connected Convolutional Nefwbikst

substantially denser network than all predecessor architectures discugse@revious sections.

It achieved remarkable results in the CIFAR-10, CIFAR-100, SVHN and Imagestets. The

DenseNet201 Architecture is shownFigure23.

o G.Huang, Z.Liu, et. al, “Densely Connected Convolutional NetwoPketeedings of the IEEE conference on

Computer Vision and Pattern Recognition (CVPRY20p. 47004708.
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Figure 23- DenseNet201 Architecture

The DerseNet201 architecture is composed of 708 laylersahd 805 connections. The

main difference from the previously discussed architectures is thabimposed of several
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dense convolutional blocks witl’{ayers where these layers are connected to every other layer
on that convolutional block with(I+1)/2” connections. This allows the feature maps of each
layer to be passed to the subsequent layers as inputs. It is often a conceenskeatdds are

costly and grow out of proportions; however, this is resolved by inserting a traridilmeia
between every dense layer. The transitional block is composed of a 1x1 convolutianal laye
followed by a pooling layer. The input layer is fixed size of 224 x 224 XTabke14 showed.

The input layer is followed by five dense blocks, with each one increasing int stagts with 1,
followed by 6, followed by 12, followed by 48, and lastly followed by 6 convolutional blocks in
each of the dense blocks, respectfully. The paper discusses several advarlteges to
DenseNet201 architecture: The network alleviates the vanishing-gradiemgiis¢res feature

propagation, promotes feature reuse, and substantially reduces the number oeparaeded

to perform the learning.

DenseNet201 Regsl

DenseNet201 has shown a significant improvement from the previously mentioned
architectures. Afigure24 shows, it consistently achieved 90% or above accuracy, with the
highest being 92.33% on the validation accuracy. The loss dropped to 0.37 without any data

augmentation.
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Figure 24- (a) DenseNet201 Accuracy, (b) DenseNet201 Loss

NASNetLarge Convolutional Neural Network
NASNetLarge Architecture

The NASNetLarge is a convolutional neural network model that was proposed by Zoph,
Vasudevan and other authors in 2018 in the paper “Learning Transferable Archstémture
Scalable Image Recognitiol'lt is a substantially denser network than all predecessor
architectures discussed above. The NASNetLarge is based on a Neural AnehBectich
(NAS) framework which means it uses reinforcement learning to optimezedtwork
configuration autonomously. The NASNetLarge is composed of 1243 layers with 1462

transitions. These layers are composed of Normal @etlsReduction Cells as the architecture is

10p, Zoph, V. Vasudevan et. al, “Learning Transferable Architectures for $s&tabge RecognitionProceedings
of the IEEE conference on Computer Vision and Pattern Recognition (CXAR)pp. 869-8710.
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modeled orFigure25. The Normal Cells return a feature map with the same dimensions as the

input and the Reduction Cells returns a feature map reduced by half.
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Figure 25- NASNetLarge Architecture

Applying the NAS framework to a large dataset can be computationally expehsise
Zolph'’s paper proposes a method to search for a good architecture on a smabéeaddttzen
transfer the search space to a laggace with more cells with identical structure. The main
premise of the NAS architecture is best describeligure26. A Controller Recursive Neural

Network (RNN) predicts architecturé®from a search space with probabiliy.” A child
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network with architectureA” is trained to converge, achieving accuragy.“Then the gradients

of “p” are scaled byR’ to update the RNN controller.

Sample architecture A
with probability p

Train a child network
with architecture A to
convergence to get
validation accuracy R

The controller (RNN)

Scale gradient of p by R
to update the controller

Figure 26- Overview of Neural Architecture Search

The scalablarchitecture concept is shown in Figure 27, where the diagram highlights on
the left the model architecture using a smaller dataset such as QlsARen scaled on the right
diagram to match the needs of a larger dataset suahegeMNet. The choice for the number of

Normal Cells stacked in between the reduction cells can be experimentalhdaltypthanged.

Softmax

(] -

xN

Softmax

xN

xN

CIFAR10 ImageNet
Architecture Architecture

Figure 27- Scalable Base Blocks
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Each of the cells are constructed recursively in block sta@geh block consists of the
controller selecting a pair of hidden layers and randomly chooses an operatiireddsg
Figure28(b); it then randomly chooses a combination operation. The combination operations
consist of either ating or concatenating the result. The resultant hidden layer is passed to the

following block to be added as a choice as showRigure28(a).

hidden state set hidden state set hidden state set

|
: (] : Choices of Operations
| : L d |
B : e identity e 1x3 then 3x1 convolution
3x3 pool 3x3 conv : identity 1x1 conv ! 1x1 conv 3x3 conv . ! ;
I i g e 1x7 then 7x1 convolution e 3x3 dilated convolution
e : s : e e 3x3 average pooling e 3x3 max pooling
e 5x5 max pooling e 7x7 max pooling
| { i ! e 1x1 convolution e 3x3 convolution
e 3x3 depthwise-separable conv e 5x5 depthwise-seperable conv
blocks e 7x7 depthwise-separable conv

Figure 28- (a) NASNet Search Space, (b) Convolutional Cell Choices of Operation

Lastly, the previously mentioned procedure is repeated until an optimum cell gtrigctur
constructed for each of the two cell types. In our application, we utilizedrtreesteucture as
ImageNet which is much larger than the Stashftar dataset and adapted through transfer
learning for our application. For this reason, it achieved an effective rdsah will be

discussed in the next section.

NASNetLarge Results

NASNetLarge has taken much longer to train; however, it showegh& ishprovement
from the previously mentioned architecturegure29 shows it consistently achieved accuracies
above 92%, with the highest being 92.41% on the validation accuracy. The loss dropped to 0.36

without any data augméation.
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Figure 29- (a) NASNetLarge Accuracy, (b) NASNetLarge Loss

InceptionV3 Convolutional Neural Network
InceptionVV3 Architecture

The InceptionV3 is a convolutional neural network model that was proposed by Szegedy,
Vanhouche and other authors in 2016 in the paper “Rethinking the Inception Architecture for
Computer Vision™! InceptionV3 is based on the Inception framework and GoogLeNet; The

network that is trained on ImageNet is composed of 315 layers and 349 connectiogsréas

30 shows below).

He, Szegedy, V. Vanhouche et. al, “Rethinking the Inception ArchitectureofmpGter Vision"Proceedings of
the IEEE conference on Computer Vision and Pattern Recognition (CMRRB)pd. 2818826.
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Figure 30- InceptionV3 Architecture

The main principle of the Inception architecture is based on the Hebbian Principhe whi
states: neurons that fire together, wire togetherttigreasonto cover the various clusters in a
given image, it was thought to concatenate a 1x1 convolutional layer with 3x3 convolutional
layer and 5x5 convolutional layer to form the first Naive Inception module (as shigune

31(a)). This approach posed a computational problem due to the channel dimensionality
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increasing drastically. Therefore, the Inception architecture changed treebdaied inception
by inserting a dimensionality reduced set of convolutional layers ttdlok as shown iRigure

31(b) below.

—
Filter
concatenation

Filter
concatenation

i e —— -
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- 3 — —
~ 5 1x1 olut 1 convok

e _ R 1 x1 convolutions 1x1 convolutions 3x3 max pooling
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|
f
-

~ | —— —
Previous layer Previous layer

Figure 31- (a) Naive Inception Module, (b) Inception Module

The InceptionV3 is based on the Inception module described above; however, Szegedy's
paper proposed to change the 5x5 convolutional filter with a stack of 3x3 convolutional filters to
reduce the computational cost. This contributes to faster learning, sincadkhefs3x3
convolutional filters has the same receptive fields as the 5x5 convolutioaabfilt requires less
computation. Similarly, any higher dimensionality convolutional filter can placed with a
concatenation of 1xn and nx1 convolutional filténgure32 shows the convolutional layer filter

transformation.

Filter Concat Filter Concat

Filter Concat

[5s] [s0] [w]

~|3x3| |3x3| |1x1|
i i i

(o] [ ] [Foa] [ox7]

Base

Figure 32- (a) Inception Module, (b) InceptionV3 Module, (c) InceptionV3 Module with expanded filter bank

|3x3||1x3||3x1 ||1x1|

[ x| [ | [Pool]
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InceptionV3 Results

InceptionV3 has converged faster than any of the architectures mentionedragore
33 shows that it consistently achieved accuracies above 90%, with the highestyaatcurac
91.01% being observed for the validation accuracy. The optimum loss achieved was 0.377

without any data augmentation.

InceptionV3_Loss

0.990884781

5 \A : \ A 1.264615655
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Figure 33- (a) InceptionV3 Accuracy, (b) InceptionV3 Loss
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Xception Convolutional Neural Network
Xception Architecture

The Xception is a convolutional neural network model that was proposed by Chollet, in
2016 in the paper “Deep Learning with Depthwise Separable Convolufifike Xception
name comes from Extreme Inception since the architectural core block is basedrmeiion
block discussed in the previous section. The network that is trained on ImageNet is cbofipose

170 layers and 181 connections Fagure34 shows below).

Figure 34- Xception Architecture

12e Chollet, “Deep Learning with Depthwise Separable ConvolutiBnsteedings of the IEEE conference on
Computer Vision and Pattern Recognition (CVPR) 2017 pp.-1258.

80



The main premise of Xception is to simplify the architecture of the InceptionV3
architecture; in essence, instead of performing a combination of 3x3 filéfs<a filters and
pooling with various stacks, the paper proposes an architecture to use 3x3 filter éasl 1x

Figure35 shows below).

Figure 35- (a) Inception Module, (b) Simplified InceptidModule

The next concept that the paper discusses is to perform group convolution on the
simplified inception; in other words, after performing a 1x1 convolution a group of chasnels i
selected, and a 3x3 convolution is performed on this group of chamheisdea can be more
generalized; rather than using a group of channels, the convolution can be pedoransingle
channel (agigure36 shows below). This concept of separating the channels and performing the
3x3 convolutionon each single channel is the main feature of the Xception architecture; this is

often referred to adepthwise separable convolution

Figure 36- (a) Reformulated Simplified Inception Module, (b) Xception Module
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Figure34 shows that the architecture is not composed of the same building block
discussed above. This is because the architecture is mainly composed of thrid@weaia
Figure37 shows: Entry Flow, Middle Flow and Exit Flow. The Entry and Exit flows are
responsible for changing the dimensionality of the data by performingithe gperation,

whereas the middle flow is only composed of the separable convolution repeated 8 times.

Figure 37- Xception Architecture Flow

Xception Results

Xception has performed one of the top three architectures that this project imigléme
Figure38 shows that it consistently achieved accuracy above 90%, with the highest being
91.53% on the validation accuracy. The optimum loss achieved was 0.40 without any data

augmentation.
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Figure 38- (a) Xception Accuracy, (b) Xception Loss

InceptionResNetV2 Convolutional Neural Network
InceptionResNetV2 Architectu

The InceptionRestNet architecture is a convolutional neural network modelafat w
proposed by Szegedy, lofee, and other authors in 2017 in the paper “Ina&ptinception
ResNet and the Impact of Residual Connections on Learfifdie InceptionResét is based

on the Inception model in conjunction with the Residual Network (ResNet) arohitethe

13¢c. Szegedy, S. loffe, et al., “Inceptiod, InceptionResNet and the Impact of Residual Connections on
Learning” Thirty-First AAAI Conference on Atrtificial Intelligence.
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network that is trained on ImageNet is composed of 824 layers and 921 connectiogsréas

39 shows below).

Figure 39- InceptionResNetV2 Architecture
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The macro structure of this algorithm is composed of the input layer, whichaake
input of 299x299x3 (as describedTiable14) followed by a stem layer; then a series of
inception cells and reduction cells; then, lastly, a layer of average poolingsaftchax.Figure
40 shows the macro structure of the InceptionResNetV2 architecture and the afetairy

block discussed above.

Figure 40- InceptionResNetV2 Structure

InceptionResNetV2 Results

InceptionResNetV2 has consistently achieved accuracies above 85% esigtbst
being 89.44% on the validation accuracy. The optimum loss achieved was (Fju(agd 1
shows). Despite the fact that it didn’t perform as well as the previously mehaocigtectures,

it performed overall rather well without any data augmentation.
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Figure 41- (a) InceptionResNetV2 Accuracy, (bgeptionResNetV2 Loss

MobileNetV2 Convolutional Neural Network
MobileNetV2 Architecture

The MobileNetV2 architecture is a convolutional neural network model that was
proposed by Sandler, Howard, and other authors in 2018 in the paper “MobileNetV&dnver
Residuals and Linear Bottleneck$” MobileNet architectures target resource constrained

environments; for this reason, the size of these networks is relatively snmathpagson with

14\.sandler, A.Howard, et al., “MobileNetV2: Inverted Residuals and Line#tte®ecks Proceedings of the IEEE
conference on Computer Vision and Pattern Recognition (CVPR) 2018 [p483Q.
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the previously discussed architectures. The network that is trained on letageNmposed of

154 layers and 163 connectiongFigure42 shows below.

Figure 42- MobilenetV2 Architecture
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Before discussing the MobileNetV2 architecture, it is worth mentioningvibleteon of
the separable convolutional blocksgure43(a) shows the regular convolution, wherEagire
43(b) shows the separable convolutional block. The light color block indicates that it is on the
next layer. Figure43(c) shows the concept of the separable block with a linear bottleneck,
wheread-igure43(d) shows the separable block with an expanded layer bottleneck. The smaller
hashed blocks indicate layers that do not containlinearities. The ReLu6 is a ReLu activation
function that is fully saturated at value 6 rather than continuously increading egular ReLu

activation function does.

Figure 43- (a)-(d) Evolution ofSeparable Convolution Blocks

MobileNetV2 architecture is based on the MobileNet framework with an addedhayer
implements an inverted residual with linear bottleneck. This module takesdint@msionality
compressed representation input, then expards higher dimensionality before filtering with
a lightweight depthwise convolution. Then transforms it to a low dimensionality ouitjbua w

linear convolution as Figure 44 shows.

Figure 44- (a) Residual Connection Block, (b) Inverted Residual Connection Block
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MobileNetV2 Results

MobileNetV2 has consistently achieved accuracies above 85%, with the highest being
89.25% on the validation accuracy. The optimum loss achieved was Gi§yes45 shows).
Despite the fact that it didn’t perform as well as the previously mentionbkiestares, it still
provided high accuracy without any data augmentation while being the draaliefastest

network than any of the architecturegplemented on this project.

Figure 45- (a) MobileNetV2 Accuracy, (b) MobileNetV2 Loss
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ResNet50V2 Convolutional Neural Network

ResNet50V2 Architecture

The ResNet architecture is a convolutional neural network model that was prbgose
He, Zhang, and other authors in 2016 in the paper “Deep Residual Learning for Image
Recognition”?® The ResNets paper is one of the most cited papers in the image recognition
field; it has been cited over 105,000 times to date, largely because it introducedctya obn
residual connections which resolved an anomaly with deep networks. ResNet50V2 is based on
the ResNet architecture with 50 parametrized layers of depth. The ResRet®@\ork that is

trained on ImageNet is composed of 177 layers and 192 connectidhguesi6 shows below).

To appreciate the premise of ResNet and the solution that the paper by He et abdpropos
it is best to visualize the problem that was posed by deep networks as it is labeildirzg
block to solve more complex learning problems. It is widely believed that the dbepeatwork
gets, the better accuracy it achieves. This is intuitive: the more capacity akiedspthe more
receptive fields it consumes for better learning. Geximtuitively, the exact opposite was
discovered here. When a given 56-layer deep plain network was trained on the CIFAR-10
dataset, it consistently performed more poorly than a 20-layer deep plain netweidgu(ag 7
shows below). Similar results were observed when a deep network was trainedjeNéma

dataset.

15%. He, X. Zhang, et al., “Deep Residual Learning for Image Baition” Proceedings of the IEEE conference on
Computer Vision and Pattern Recognition (CVPR) 2016 pp-778)
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Figure 46- ResNet50 Architecture
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Figure 47- (a) Deep Plain Network Training Error, (b) Deep Plain Networkt Esor

The degradation is not caused by overfitting; instead, it is mainly due to tlcaltifof
readily optimizing all of the systems in the network. For this reason, the papeuirgd the
concept of residual connections as showhigure48 below. In essence, it is a s@lfuning or
selforganizing network. If a convolutional layer is not needed, the network will choose the

identity path to overpass the “unnecessary” layers.

Figure 48- ResNet Bilding Block

The output functionU= (( ) + Tcan be written with the following equations. The first
eqguation can be used when the convolutional layer mapping has the same number ofrgaramete
depth, width and computations; however, the second equation can be used if the mapping doesn’t
have the same dimension ggure49 shows below. All the dashed residual connections are not
the same dimensions; thus, the second equation will be used.

U= ((T{op)+ T
U= ((T{9d) + 9T
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Figure 49- Network Architectures Comparison Between Plain Networks and ResNet

Another important concept was introduced in He's paper for ResNet50, ResNet101 and
ResNet152: the concept of bottlene€lgure50 shows the ffierence between the ResNet
building block mentioned above and the bottleneck. As the size of the convolutional layer
becomes larger, it becomes costlier. Therefore, changing the dimensions tteaseeaby
performing a 1x1 filter, then performing the 3x3 followed by a reprojection tlatber space,

performs much faster.

Figure 50- (a) ResNet Building Block, (b) Bottleneck Building Block

ResNet50V2 Results

ResNet50V2 has consistently achieved accuracies above 88%, whilgliest accuracy
being 91.19% on the validation accuracy. The optimum loss achieved was (Fifufas1
shows). It performed well without any data augmentation and outperformed|sevthe

networks discussed above by implementing the residual connection concept.
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Figure 51- (a) ResNet50V2 Accuracy, (b) ResNet50V2 Loss

ResNet152V2 Convolutional Neural Network
ResNet152V2 Architecture

ResNet152V2 is a convolutional neural network that was introdugéte same paper
discussed in the ResNet50V2 section above. It is using the same concept didmunssed a
however, it is composed of 152 parameterized layers (where the 152 in the nameraomes f

Table16 shows the architectuidifferences between the various ResNet Architectures.

94



Table 16- ResNet Various Layer Architectures

The paper showed the performance of the 18-layer and 34-layer deep network of plain
networks and ResNet networks on the imageNet dataset. The ResNet showed improvement
the deep network anomaly discussed in the previous section, and also showed that a deeper
ResNet network can improve the error rateHigsire 52 shows). For this reason, the ResNet152

was tested in the application presented in this paper.

Figure 52- (a) Performance of Plain Deep Network on ImageNet, (b) Performance of ResiNetiNen ImageNet

ResNet152V2 Results

ResNet152V2 has consistently achieved accuracies above 89%, with the highest being
90.79% on the validation accuracy. The optimum loss achieved was OEQue53 shows). It

slightly outperformed ResNet152V2 as expected.

95



Figure 53- (a) ResNeit52V2 Accuracy, (b) ResNet152V2 Loss

ResNeXt50 Convolutional Neural Network
ResNeXt50 Architecture

The ResNet architecture is a convolutional neural network model that was proposed b
Xie, Girshick, and other authors in 2017 in the paper “Aggregated RéJichnsformation for

Deep Neural Networks™

The main premise of the paper is to introduce the concept of group operation to the

ResNet architecture discussed in the prior sections. Starting with the Rettheielsk block, it

183 Xie, R. Girshick, et al., “Aggregated Residual Transformation émpiNeural NetworksProceedings of the
IEEE conference on Computer Visiand Pattern Recognition (CVPR) 2017 pp. 145Q0.
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is equivalent to architeate (a) in the equivalent dashed blockFagure54 by dividing the (256,
1x1, 64) into smaller blocks namely 32x (256, 1x1, 4). The reason for choosing this block size
and this depth is because the two architectures therebyheasarhe number of parameters. This
makes it easier to compare and benchmark the architecture performance propedyeiing

the 29 convolutional blocks, then projecting them on a higher space, is equivalent and
computationally cheaper to perform. For this reason, the paper introduced blotkh) i
equivalent dashed block éigure54. This operation by definition is callgdoup operation

which was first introduced above by the inception architectliadle17 shows the architecture
differences between ResNet50 and ResNeXt50. The C stands for Cardinalktysathie group

operation discussed previously.

Figure 54- (a) ResNet Building Block, (b) ResNeXt Building Block
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Tabe 17 - ResNet50 vs ResNeXt50 Architecture

The paper showed the difference in performance between the ResNet50 and ResNeXt50
and, separately, the ResNet101 and ResNeXt101, on the ImageNet dafagetréad shows

below).

Figure 55- (a) ResNet50 vs ResNeXt50 Performance, (b) ResNet101 vs ResNeXt101 Performance
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ResNeXt50 Results

ResNeXt50 has consistently achieved accuracies above 90.5%, with the highest being
92.14% on the validation accuracy. The optimum loss achieved was ORdgu(esb6 shows).
ResNext50 outperformed all the architectures implemented in this project,iagtirey highest

accuracy and the lowest loss.

Figure 56- (a) ResNeXt50 Accuracy, (b) ResNeXt50 Loss

Networks Performance Metrics and Network Comparisons
All the architectures are compared across various paramefeablad 8 andTable19.

Figure57 shows these comparisons visually. These parameters are:
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Number of parameters

Model size expressed in megabytes
Validation accuracy

Training time peepoch expressed in seconds
Number of epochs to reach convergence
Validation accurag per fold

Time to validate all images

The architecture with the highest number of parameters was the NASNetlitirgémost
90M parameters, while the smallest architecture parameter was the MobiléN&ny 3M
parameters for the entire network. Another important observation is that the number of
parameters of the ResNeXt50 and ResNet50V2 is the same size as discusse@wotle pr
section, yet the accuracy was improved by almost 3% (as expected). Thetsezaetivork is
dependent on the numberpgdrameters; thus, the largest architecture was the NASNetLarge with
a 349MB model. The smallest was the MobileNetV2, only 14MB in size. For this reason, the
MobileNetV2 architecture is the most efficient on devices with limited ressisuch as drones
and cell phones. The slowest architecture was the NASNetLarge, taking 810 secospische
while the fastest was MobileNetV2, taking only 33 seconds per epoch. Thiectole that
reached a convergent state with the least number of epochs was the N&§blefbllowed by
ResNeXt50. The architecture that took the longest until it reached convergence was
MobileNetV2. Lastly, the best performing architecture achieving anraeeuracy of 92.5% was
the ResNeXt architecture, while the lowest performing arctite excluding the VGG16 and
VGG19 architectures was the InceptionResNetV2 architecture, achieving a rme@tpof

89.7% accuracylable20 andTable21 show the paired T-Test between the various dhgos
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as shown offrigure57 last graph on the left. Nile some results show thetno significant
statisticaldifferencebetweerthe algorithms, this conclusion can’t be inferred with high
confidence due to the fact that templesize is low The Next section will discuss an approach

to utilize a collaborative voting to enhance the accuracy of the overalirsyste

Figure 57- CNN Architectures Performance Metrics
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Table 18- CNN Architectures Performance Metrics

ResNeXt50 | DenseNet201| Xception NASNetLarge | ResNetl52V2 | InceptionV3 | ResNet50V2 | MobileNetV2 InceptionResNetV2 VGG16 VGG19
Number Of | 25,347,204| 20,489,988| 25,257,708 89,247,510, 60,630,724| 24,101,860 25,863,876 3,770,628 56,111,524 15,440,900| 20,750,596
Parameters
Model Size 99 80 99 349 237 94 101 14 220 60 81
(MB)
Validation 92.138% 92.327%| 91.529% 91.406% 90.792%| 91.099%| 89.626% 89.251% 89.441% 1.044% 1.105%
Set
Accuracy
Training 234 92 160 810 130 68 51 33 170 60 70
Time Per
Epoch (s)
Number of 65.2 83.6 102.4 51.8 101.4 75 110.6 139.8 94.2
Epochs until
Convergence

Table 19- CNN Architectures Accuracy Metrics with Folds

Validation | ResNeXt50| DenseNet201| Xception | NASNetLarge | ResNé152V2 | InceptionV3 | ResNet50V2| MobileNetV2 | InceptionResNetV2 | VGG16 VGG19
Fold-1 91.069% 91.037%| 91.651% 91.590% 90.546% 90.731% 90.731% 89.626% 89.994%| 0.737%| 0.737%
Fold-2 92.572% 92.818%| 92.388% 92.818% 91.590% 91.897% 91.958% 91.344% 86.863%| 1.044%| 0.89%
Fold-3 92.634% 92.449%| 92.204% 91.283% 92.449% 91.406% 91.467% 90.976% 89.503%| 0.921%| 0.921%
Fold-4 93.002% 92.756%| 92.511% 91.958% 91.651% 92.449% 91.958% 89.564% 91.344%| 0.798%| 0.798%
Fold-5 93.612% 92.752%| 92.076% 92.445% 92.076% 91.769% 91.523% 90.541% 91.216%| 0.921%| 0.676%
Mean 92.363% | 92.166% 92.019% 91.663% 91.650% 91.528% 90.410% 89.784% | 0.884% | 0.798%
Accuracy
Time For 4 6 24 6 3 3 1 9 3 4
Val. (s)
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Table 20- Paired T-Test

Paired T-Test (2 Tails) ResNeXE0 | DenseNet201| Xception | NASNetLarge | ResNet152V2| InceptionV3 | ResNet50V2| MobileNetV2 | InceptionResNetV2
ResNeXt50 FTest 0.303167| 0.292513| 0.225324| 0.022073| 0.027041| 0.024646| 0.008723 0.025753
DenseNet201 JTest 0.417191 0.316382| 0.033957| 0.012899| 0.005253| 0.004714 0.046266
Xception T-Test 0.603506| 0.128822| 0.030500/ 0.001751] 0.006747 0.047974
NASNetLarge T-Test 0.445761| 0.265274| 0.110290, 0.010737 0.078554
ResNet152V2 TTest 0.970450| 0.641427| 0.015977 0.092163
InceptionV3 T-Test 0.319386| 0.047587 0.086502
ResNet50V2 FTest 0.029957 0.119922
MobileNetV2 T-Test 0.598646
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Table 21- Paired TTest Interpretation

HO There is no statistical significant difference between the various &lignsrit
H1 There is a statistical significant difference between the various algorithms
HO between HO between | H1 between | H1 between | H1 between | H1 between
ResNeXt50 | HO between | ResNeXt50 ResNeXt50 ResNeXt50 ResNeXt50 ResNeXt50 H1 between
and ResNeXt50 | and and and and and ResNeXt50 and
DenseNet20] and Xception| NASNetLarge| ResNet152V2| InceptionV3 | ResNet50V2 | MobileNetV2 | InceptionResNetVZ
HO between | H1 between | H1 between | H1 between | H1 between
HO between | DenseNet201| DenseNet201| DenseNet201| DenseNet201| DenseNet201| H1 between
DenseNet201 and and and and and DenseNet201 and
and Xception| NASNetLarge| ResNet152V2| InceptionV3 | ResNet50V2 | MohileNetV2 | InceptionResNetVZ
HO between | HO between | H1 between | H1 between | H1 between | H1 between
Xception and | Xception and | Xception and | Xception and | Xception and | Xception and
NASNetLarge| ResNet152V2| InceptonV3 ResNet50V2 | MobileNetV2 | InceptionResNetVZ
HO between | HO between | HO between | H1 between
NASNetLarge| NASNetLarge| NASNetLarge| NASNet_arge | HO between
and and and and NASNetLarge and
ResNet152V2| InceptionV3 | ResNet50V2 | MobileNetV2 | InceptionResNetVZ
HO between | HO between | H1 between
ResNet152V2| ResNet152V2| ResNet152V2| HO between
and and and ResNet152V2 and
InceptionV3 | ResNet50V2 | MobileNetV2 | InceptionResNetV2
HO between | H1 between
IncepionV3 InceptionV3 | HO between
and and InceptionV3 and
ResNet50V2 | MobileNetV2 | InceptionResNetVZ
H1 between
ResNet50V2 | HO between
and ResNet50V2 and
MobileNetV2 | InceptionResNetV2
HO between
MobileNetV2 and
InceptionResNetVZ
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Networks Collaborative Approach

Last section discussed the performance differences between the varioesanas
implemented in this project. ResNeXt achieved consistently the best@acofi@?.5%,
followed by DenseNet201, Xception and NASNetLarge (allloich achieved mean accuracies
of approximately 92%). In this section, a collaborative approach was implementstithe te
overall improvement possible for the system if most or all of the architectures katieg
option. This approach was implemented from the idea about collaborative learnirgsinaa
settings; in other words, not all confusion matrices of the architectures éiddtwsse the same
outcome. Thus, two voting schemas have been implemented by this project to enhance the
outcome ofa selected architecture. These voting schemas are equal voting schema, and a

selective voting schema.

Equal Voting

Equal voting schema is a collaborative approach where all participatintpatates
have an equally weighted election also referredsttamiliar voting pattertl 8 Analogously, if
a student is gathering information, he/she will gather the information from vaeacisers
without any prior knowledge about their prior backgrounds. In this case, upon cltassifyiven
image all participating architectures will vote on that class, the system will choosg ghe
highest count of a given class. If there is a tie, the system will choosartteeclassification as
ResNeXt since it achieved the highest outcome. T2ibkaas the four architectures that have the
highest accuracy participating in the collaborative voting; whelledde23 has all nine

architectures participating in the collaborative voting. As the results, omgh&ble wheg only

175, Simske, “MetaAlgorithmics Patterns for Robust, Low Cost, High Quality Syste@813 John Wiley & Sons
18 Dietterich, Thomas G. "Ensemble methods in machine learning.hétienal workshop on miiple classifier
systemsSpiinger, Berlin, Heidelberg, 2000
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the highest accuracy architectures collaborated, the collaborative resdtstree accuracy by
1.38% in the mean, achieving 93.67% as an overall accuracy of the system. On the second table
where all the architectures collaborated, it achieved 93.64% accuracy a&adthaisiccuracy by

1.91% in the mean.

Selective Voting

Selective voting schema is a collaborative approach where all participatinigcxaies
have a norequally weighted election also referred to as Weighted Vdtifighe weights are
dependent on prior knowledge of the participating networks performance. Analogously, if a
student is gathering information about a science experiment, he/she will gathdotmation
from various teachers while believing the teachers that have a scibatiiground more. In this
case, upon classifying a given image all participating architectures wéllovothat class, the
system will assign a weight to all the participating reeks answers then choose the highest
count of a given class. If there is a tie, the system will choose the samficelthssias ResNeXt
since it achieved the highest outcome. Two weights were implemented: The aesuwmasyght,
and 1/error as a weighfable24 andTable25 have the four architectures participating that have
the highest accuracy in the collaborative voting with weights assignedstoribavorks as
accuracy and 1/error respectively. TabeandTable27 have all nine architectures participating
in the collaborative voting with weights assigned as accuracy and 1/epectiesly. As the
results, on the first tables where only the higlaesuracy architectures are used in collaboration,
the collaborative results raised the accuracy by 1.36% in the mean achieving 98 &5% a
overall accuracy of the system. When all of the architectures are used in theratithab it
achieved 93.5% accuracy and raised the accuracy by 1.95% in the mean. The collaboration

techniques with selective voting achieved similar, but slightly lower, accurgwovement than

106



the equal voting approaches, because they slightly accentuate the error of treafbighing

architectures.

In conclusion, the collaborative techniques enhanced the overall accuracy ctéme sy

by lowering the error by more than 10% compared to the best individual architecture
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Table 22- Best 4 CNN Architectures WwiEqual Voting

4- Collective Collaboration Validation Equal Voting
ResNeXt50| DenseNet201 Xception | NASNetLarge
Fold-1 0.910988 0.910374| 0.916513 0.915899
Fold-2 0.925721 0.928177| 0.92388 0.928177
Fold-3 0.926335 0.924494| 0.922038 0.91283
Fold-4 0.930018 0.927563| 0.925107 0.919583
Fold-5 0.936157 0.927563| 0.92081 0.924494
Mean Accuracy 92.584% 92.363% | 92.167% 92.020%
Overall Accuracy Score 93.665%
Improvement % 1.080% 1.301%,| 1.498% 1.645%
Table 23- Best 9 Architecturewith Equal Voting
9- Collective Collaboration Validation Equal
Voting
ResNeXt50| DenseNet201 Xception | NASNetLarge | ResNet152V2| InceptionV3 | ResNet50V2| MobileNetV2 | InceptionResNetV2)
Fold-1 91.099% 91.037%| 91.651% 91.590% 90.546% 90.731% 90.731% 89.626% 89.994%
Fold-2 92.572% 92.818%| 92.388% 92.818% 91.590% 91.897% 91.958% 91.344% 86.863%
Fold-3 92.634% 92.449%| 92.204% 91.283% 92.449% 91.406% 91.467% 90.976% 89.503%
Fold-4 93.002% 92.756%| 92.511% 91.958% 91.651% 92.449% 91.958% 89.564% 91.344%
Fold-5 93.616% 92.756%| 92.081% 92.449% 92.081% 91.774% 91.529% 90.546% 91.222%
Mean 92.584% 92.363% | 92.167% 92.020% 91.664% 91.651% 91.529% 90.411% 89.785%
Accuracy
Overall
Accurac 93.481%
y Score
Improv. 0.896% 1.117%| 1.314% 1.461% 1.817% 1.829% 1.952% 3.069% 3.696%
%
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Table 24- Best 4 CNN Architectures with Selective Voting with Accuracy Weight Measirem

4- Collective Collaboration Validation Selective Voting (accuracy Weigh

ResNeXt50| DenseNet201 Xception | NASNetLarge
Fold-1 0.910988 0.910374| 0.916513 0.915899
Fold-2 0.925721 0.928177 0.92388 0.928177
Fold-3 0.926335 0.924494| 0.922038 0.91283
Fold-4 0.930018 0.927563| 0.925107 0.919583
Fold-5 0.936157 0.927563 0.92081 0.924494
Mean Accuracy 92.584% 92.363% | 92.167% 92.020%
Overall Accuracy Score 93.653%
Improvement % 1.068% 1.289%| 1.486% 1.633%

Table 25- Best 4 CNN Architectures with Selective Voting with 1/error Weight Measatreme

4- Collective Collaboration Validation Selective Vting (1/error Weight)

ResNeXt50| DenseNet201 Xception | NASNetLarge
Fold-1 0.910988 0.910374| 0.916513 0.915899
Fold-2 0.925721 0.928177 0.92388 0.928177
Fold-3 0.926335 0.924494| 0.922038 0.91283
Fold-4 0.930018 0.927563| 0.925107 0.919583
Fold-5 0.936157 0.927563 0.92081 0.924494
Mean Accuracy 92.584% 92.363% | 92.167% 92.020%
Overall Accuracy Score 93.640%
Improvement % 1.056% 1.277%| 1.473% 1.621%
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Table 26- Best 9 CNN Architectures with Selective Voting with Accuracyhiigasurement

9- Collective Collaboration Validation Selective Voting

(Accuracy

ResNeXt50| DenseNet201 Xception | NASNetLarge| ResNet152V2| InceptionV3| ResNet50V2| MobileNetV2 | InceptionResNetV2
Fold-1 91.099% 91.037%| 91.651% 91.590% 90.546%| 90.731% 90.731% 89.626% 89.994%
Fold-2 92.572% 92.818%| 92.388% 92.818% 91.590%| 91.897% 91.958% 91.344% 86.863%
Fold-3 92.634% 92.449%| 92.204% 91.283% 92.449%| 91.406% 91.467% 90.976% 89.503%
Fold-4 93.002% 92.756%| 92.511% 91.958% 91.651%| 92.449% 91.958% 89.564% 91.344%
Fold-5 93.616% 92.756%)| 92.081% 92.449% 92.081%| 91.774% 91.529% 90.546% 91.222%
Mean 92.584% 92.363% | 92.167% 92.020% 91.664% | 91.651% 91.529% 90.411% 89.785%
Accuracy
Overall
Accuracy | 93.481%
Score
Improv. 0.896% 1.117%| 1.314% 1.461% 1.817% 1.829% 1.952% 3.069% 3.696%

%
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Table 27- Best 4 CNN Architectures with Selective Voting with 1/error Weight Measatreme

9- Collective Collaboration Validation Selective Voting

1/error

( : ResNeXt50| DenseNet201] Xception | NASNetLarge | ResNet152V2| InceptionV3 | ResNet50V2| MobileNetV2 | InceptionResNetV2
Fold-1 91.099%| 91.037%| 91.651% 91.590% 90.546%| 90.731%| 90.731%| 89.626% 89.994%
Fold-2 92.572%| 92.818%)| 92.388% 92.818% 91.590%| 91.897%| 91.958%| 91.344% 86.863%
Fold-3 92.634%| 92.449%| 92.204% 91.283% 92.449%| 91.406%| 91.467%| 90.976% 89.503%
Fold-4 93.002%| 92.756%| 92.511% 91.958% 91.651%| 92.449%| 91.958%| 89.564% 91.344%
Fold-5 93.616%| 92.756%| 92.081% 92.449% 92.081%| 91.774%| 91.529%| 90.546% 91.222%
Mean 92.584% | 92.363% | 92.167% 92.020% 91.664% | 91.651%| 91.529%| 90.411% 89.785%
Accuracy

Overall

Accuracy | 93.579%

Score

Improv. % 0.995% 1.215%| 1.412% 1.559% 1.915% 1.928% 2.050% 3.168% 3.794%
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CHAPTER 4-COMMON COORDINATE SYSTEM

As previously discussed, object tracking isaative research area in computer vision thanks
to the increasing demands in the Intelligence, Surveillance and ReconnaisS&)ce (I
applications and the Autonomous Vehicles Systems (AVS). Many algorithms have been
developed to track the Object of Inter@30I) across the view of the camera, and even predict
its position when it is obfuscated; however, the tracking system doesn’t coortfirfeteing
about the OOI position with nearby cameras. This section discusses ways\e tigis issue,
and will introduce a method to unify the mesh of cameras to a common coordinate system and
relay information about the OOl on a common grid with and without prior knowledge of the

location and orientation of the cameras as showrigure58 below.

Figure 58- Enhanced System Block Diagram
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Surveyed Positions Solution
This solution requires to have a priori knowledge of the location and orientation of each

camera in the mesh

Assuming that latitudand longitude (lat/long) of each camera are expressed as
1 =J @radians) respectively; then the distance can be calculated using theigledietween
two points, also known as the ‘haversine’ formula. In the case showigore59 below, the

focal center of the image was chosen to be the reference lat/long point of tha.came

Figure 59- Surveyed Cameras Positions Solution Concept

The distance is calculated as following:
A1
== OK3;) + ?KO9 ?KOJ OKd)

N‘|“1>)>

19, NastroandU. Tancredi, "Great Circle Navigation with Vectorial Method$ie Journal of Navigatign
Vol. 63,1ss.3, 557563 Cambridgejuly, 2010.
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?2=2 =P20¥ 3, ¥1 F 3)
@= 472
Where R is the earth mean radius (6,371km), a is the square of half the chord length thetwee

points and c is the angular distance in radians. To properly localize the objectesiti(@Ol) a
stereo vision system must be in place. The veBmointing to the OOI centroid is expressed by
an azimuth and elevation. Thus, the distance from any camera on the netwoglkcasulated

by adding these aforementioned steps. The advantage of this method is its accurtieingf de
the mesh parameters; whereas the main disadvantage of this method is the amtamtation

needed makes it harder to be autonomous andalditating.
Distant Point Calibration Solution

Given two stereo camera systems, the general idea of this method to nietshare the
OOl is with respect to a second stereo camera system is to determine, via théoraphboaess,
the relative alignment of the camerasng the “distant point method” explained below and the
relative position vector connecting the cameras. The relative position vegateisined by
using the cameras relative alignment and their view the same object that is ologle fem a
reasonablyaccurate position determination from the stereo cameras; in other wordsgmalex
position survey is required. Using the results of the aforementioned cameratioaliach
will be discussed later in this section, and the first camera system'®pasttor measurement
of the OOI position, the expected position of the OOI with respect to the second camieea ca
calculated. The OOI's expected position with respect to the second camera carubefféds o
field of view because that position can be converted to a fully spherical azimutteeatbel to

which the second camera can be commanded to point. The advantages of this method are:
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The expected azimuth and elevation with respect to the second camera can be far out of
its field of view (e.g. bleind or far above where the camera is pointing).

The mathematics is much simpler, and therefore easier to debug than the meshema
determining the camera’s relative alignment and relative positions using multiagliecpa
observations of the same objects by two st@reo camera systems

Trajectory estimation/prediction are not required.

Once the camera calibration is completed, the equation below provides thep@Cieex
position with respect to the second camera given the information from theafireta from
which an azimuth and elevation can calculated with the following equation &ngLias60
shows below.

[45%Ts= 46+ %L 455Ts
Where,
[ 4§ E]‘A\sis theposition vector of OOI relative to camera 2 in camera 2 frame of reference

coordinate system.

[ 4 sis the position vector of camera 1 relative to camera 2 in camera 2 frame of reference

coordinate system.

9% is the direction cosine matrixhich transforms camera 1 vector to coordinates to vector

coordinates of camera 2 frame of reference coordinate system.

Lastly, [ 45 E]&g,is the position vector of OOI relative to camera 1 in camera 1 frame of reference

coordinate system.
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Figure 60 - OOI Position Calculation

When equation described above is solved for the “position vector of camera 1 relative to
camera 2 in camera 2 coordinates” the position measurements made by the two stn@D cam
provide the calibration process’s determination of the relative position betweesntleeas. If a
position survey were to be used, the camera’s orientation relative to the Earth woettlbd
because survey coordinates such as latitude, longitude, and altitude areteeB#ktd Centered
Earth Fixed axis. Obtaining the camera’s orientation relative to Earth wowktype
inconvenient. The distant point method of determining the camera’s relative alignithent
finally be discussed. The fundamental principal employed is that the directipasitbn
vectors connecting the cameras to distance points such as stellar domstedla not depend on
the camera’s position. Thus, if the two cameras measure the directions dmcHienit vector
or equivalently azimuth and elevation of three distant points, two different views sdrtiee
coordinate system are obtained. The coordinates of each camera’s view of thexcommo

coordinate system is used to determine the direction cosine matrix relating tlascame

Each distant poirof the three will be expressed in a different coordinate system for each of

the camera. We can express these unit vectors to the three poin@@v@h& We can
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orthogonize the system using the Gram-Schmidt as the following equations thefizaotinea

system.

>
>

(?)

% &= @F 35@5&5 &3@6&;

Where &the axis system is common to all the cameras but different coordinates for eaca;cam

&8
{&= Q&= QF
& &
in other words, they are different coordinate becaude eaoera is pointed differently;

however, unit vectors, &, & point in the same direction because the points are too far away.

The Direction Cosine Matri%ﬁ@ansforms the axis from system 1 to system 2. Itis
expressed in the following matrix:
oBEER | Aog WARYT AR & Ay ARy AN Al M ARY B AR R
Where A | Zare the inner product of vecto = J @ where B, B, = J @ are the basis

vector coordinates of the two axis systems

Thus, changing from the old coordinate to the new coordinate can be expresdiedvamyfo
[T b\l = %BEEETs U ]

The Direction Cosine MatriX4: % relating the two cameras, whe#gtransforms a given
vector from camera 1 axis to D axis described above %tchnsforms a given vector from D
axis to camera 2 axis can be calculated as following:

%= C&:8&: & &e8i &i &e&i &7,
W= C8&:8:8:8& &1 & &1 & & 9
Where &is the new axis coordinate system in ##8transformation where its components are

calculated by the Graf8chmidt above and expressed as the following:

8= C8:& &0, &= C8&:& & 0. &= C&:& &g
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Thus, the transformation from camera 1 to camera 2 can be calculated amépi§w

The main disadvantage of this method is thaeeestcamera needs to be used for every camera

position.

Point Correspondence Solution

This method of coordinating and calibrating the camera network relies on ovevleggbe
the cameras. The system is composed of two subsystems. The first subsysteémtiee
matching features between two frames of a video feeds from two differencessdhis is done
by detecting the edges and corner, then it extracts the neighborhood features tothers and
edges. Next it finds the matching features in the correspondent image. Theesubsygtown

on Figure61below.

Figure 61- Estimate Matching Features Subsystem
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The second subsystem estimates the Fundamental Mairg estimates the relative pose
between the two cameras; in other words, it estimates the relative rotation anditnansla
between the camerdsThere are several methods to estimate the Fundamental Matrix for

example:

The Random Sample Consensus algorithm (RANSAC)
The M-Estimator Sample @hsensus (MSAC) which converges faster than RANSAC.
The Least Median Squares algorithm (LMedS).
Least Trimmed Squares (LTS) which converges faster than LMedS.
Or by the 8 point correspondent algorithm developed by Longuet-Higgins.
The estimate pose is calated and it is dependent on the camera intrinsic calibrdtigare

62 shows the block diagram of the second subsystem.

Figure 62- Estimate Fundamental Matrix and Relative Pose Sibry

20 QT. Luong and O.D. Faugeras, “The fundamental matrix: Theory, algorithohs, a
stability analysis.’Int J Computer Visiod7, 43-75, 1996.
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In other words, this method leverages the stereo vision concept and applies it to a much
higher scale. If camera X locates the Object of Interest, All the cameras invtloeknedin
coordinate their relative position to that camera X, by perforniagtmulative transformation.

The next section will describe the algorithms used for each subsystem asidowilthe results.

Point Correspondence Solution Data Gathering

The data was generated by a movie created by Google Earth $tedi@neras werthen
placed at random positions where there was some overlap betweefridnen®63 shows below
the trail of the camera where each white dot shows the major keyframe that wasassedras

placement.

Figure 63- Synthesized Data Overview

Point Correspondence Solution Detailed Algorithm
In the first subsystem mentioned above, the features of the image areddeseugethe
Harris Features detection algorithm. Then the features were extracted béigveradges by a

combination of algorithms namely Speedd#d-Robust Features (SURF) and Fast Retina

120



Keypoint algorithms. Then these featugescorresponded between the imadégure64

visualizes the point correspomi® between the two algorithms.

Figure 64- Correspondence Features

Figure65 below shows the strongest corresponding points between the two images after

removing the outliers.

Figure 65- Synthesized Data Overview

In the second subsystem, the fundamental matrix is generated by the Randden Samp

Consensus (RANSAC) algorithm such that the following equation is satisfied.

Tgs( T5=0
To estimate the relative location of the cameras, the intrinsic propertles cdrneras were

assumed to be ideal for distortion and skew factors since the data was syutfiészecal
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length is assumed to be 3000 millimeters inxlad y directions and the optical center of the
camera is exactly in the middle. The focal length for simulated data isenfamtanalysis was
performed to achieve a realistic estimate. Focal length was tested &0 to 5000, beyond that
3000 therawvas insignificant improvementhus, focal length of 3000 was chosEigure66

below shows an example of the result of the relative orientation and relative posttiertwb
cameras. Where camera 1 (on left) is placed atrigan@0,0,0) and camera two (on the right) is

relatively placed based on the position described by the Rotation and Transldtioasna

Figure 66- Relative Position and Orientation

Scene Reconstruction and Testing
To assesde proposed algorithm, the scene has been reconstructed by triangulating the
matched points calculated by the correspondence algorithm that was discuksgut@vibus

section. kgure67 below shows the scene reconstruction.

Figure 67- Scene Reconstruction
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By inserting moreverlappingcameras in the scene, thecuracy and the quality of the
photogrammetry will increase substantially. To calculate the exowor the reconstried scene,
several points were chosen randomly to remap them into the projected space onto the two
images, as shown by Figure 68 angure69 below. These set of images show there is an error
when comparing the two images; fortasce, the point chosen shows that it is at the corner of
the building by the middle of the window, whereas the second camera remaps it iriméne c

of the building by the top of the window.

Figure 68- First Example (a) Renpaonto Cameral Scene, (b) Remap onto Camera2 Scene
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Similarly, for the second example, there was an error when comparingalimages. Thus,

the next section will discuss the method used to quantify the associated error.

Figure 69- Second Example (a) Remap onto Cameral Scene, (b) Remap onto Camera2 Scene

Error Estimation
The error was estimated by performing a normaliz8c2osscorrelation between a
template taken from image one and a section of image 2. For ex&igpies70(a) shows the

template to be chosen as the 50x50 pixels from the center of the remapped pointrferenica
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Figure70(b and c) show a window around the of 200x200 pixels the centers of the

remapped points from camera 1 and camera 2 respectively.

Figure 70- (a) Template, (b) Remapped ROI onto Cameral Scene, (c) Remapped ROI onto Camera2 Scene

Figure71 shows the results of thel2erosscorrelation as a surface map, where x,y are the

pixels of the image and the z axis is the correlation coefficient magnitude.

Figure 71- CrossCorrelation Result

125



Figure 72 below shows the estimated ereigure 72(a) shows the original location from
camera 1 indicated by the blaeoss/darkcross; whereas;igure 72(b) shows the original
mapped location indicated by the rembss/darkcross and the found location with the cross-
correlation indicated by the greernoss/lighteross. The error is estimated to-B8 in the Y

direction and about -2 in the X direction.

Figure 72 - (a) Original Mapped Location onto Cameral Scene, (b) Error Estimated onto Camera2 Scene

Similarly, the same process was done to the second random point discussed above. In this
case, the error was estimated to4@in the Y direction and 1 in the x direction as shown on

Figure73.

Figure 73- (a) Original Mapped Location onto Cameral Scene, (b) Error Estimated onto Camera2 Scene
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Future Enhancements

The first enhancemend the proposed algorithm will deal with optimizing the cameras distances
and pose estimatiéh where the minimum overlap between the two images will be estimated.
Another enhancement is to optimize the execution time; currently the executidortifme

caneras is approximately 15.2 seconds. Another enhancement to the system is to imgplement
method that mimics the idea of MPEXS'1” frame to change the frame of reference after N
number of cameras to minimize the error from accumulating the rotation andtioanistam

one camera to another. Lastly, the aforementioned system will be integréit¢leroverall

system described by the previously published paper to locate the Objectrégti(@Ol)

21 A, Trabelsi, M. Chaabane, N. Blanchard and R. Beveridge, “A Pose Proposal arehRet Network for Better
6D Object Pose EstimationProceedings of the IEEE/CVF Winter Conference on Applications of Computer Vision
(WACV) pp. 23822391, 2021.
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CHAPTER 5- CAMERA POSITION OPTIMIZATION

Introduction

The previous chapter, a method to unify the camera system to a common coordinate
scheme was introduced. This method uses the feature overlap between the twe withmarta
addressing the optimized camera positions. In other words, it didn’t answer tharfgll
guestions: (1) “How many cameras are needed to cover a given scene?” (2) Whapistm
position for each camera to minimize the numbers of cameras needed?-lifie @@ narios, it
is necessary (or at least cgsinsitive and thus practicad) utilize the minimum number of
cameras to cover a given scene. Answering the previous two questions isiefsenti

autonomous systems applications.

In drone applications, estimating the overlap between the captured drone images has to be
done in real time; for this reason, one of the main requirements is that it must be done by
efficient function that can adapt to the scene changes seamlessly. Performifustichs with
neural networks and object recognition is not feasible due to the facetatedirning and scene
recognition are not trivial functions and may not be robust to changes in lightning,qiieespe
and other variable imaging concerns. Thus, more rudimentary signal and imagsipgce

applications are essential in such applications

Overlap in a given scene can be thought of as analogous to an echo in voice application
signals. One of the most effective algorithms developed in the eaf§t6@ketect and remove

the echo in voice applications is the Cepstral analysis.

22p, Bogert, et al: "The Quefrency Alanysis of Time Series for Echoes: @apd2seudo Autocovariance, Cross
Cepstrum and Saphe Cracking” M. Rosenblatt, Ed Chap.15, 1963.
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Theory

Theword “cepstral” is the juxtaposition of the first four letters of the word “SpetCepstrum
analysis is a nonlinear mapping of the magnitude spectrum in order to redistribenettpe of
the image in the transform domain while the phase remainsngettd The idea of cepstrums
came about, as discussed previously, from Bogert's famous paper that introduretC
along a whole set of glossary terms such as quefrency, saphe, and alanjiggyéncy, phase,
and analysis, respectively). To understand where these terminologiealvamewve need to
take a look at the theoretical representation b&oWihe simple echo in a 1D signal, x(t), is

represented as follows:
TP= OpP+ UQP F)i

Where Uis the attenuation antlis the delay. The Fourier spectral density (spectrum) of such a
signal is represented as follows:
|:(BI®= |5 BI°[1+ W+2 Wcoy2eB)]
Thus, the spectral density of the signal with an echo has the form of an envelopgetthers
of the original signal and the spectrum of the contribution of the echo. By takingyérgHom of

the spectrum, the product is converted to the sum of the two components as shown below:
%B = log| :( Bl °= log| § B| °+ log[1 + WP+ 2 Wcos(2 e B)j

Here, C(f) is a waveform that has an additive periodic component whose fundamenuthse

is the echo delay. This new “spectral” representation is not in the frequency domain, nor is it in

23\, Azimi-Sadjadi “Digital Image Processing” Lectures 21 & 22, Colorado State Uitywel817

24, Oppenheim, et al. “From Frequency to Quefrency: a History of the@aplEEE Signal Processing
Magazine vol.21, no.5 pp. 986, 2004

129



the time domain; for this reason, Bogart chose to refer to this new domain dsefQue

Domain.” He also termed the spectrum of the log “Cepstrum.”

A similar thread of research was performed by Oppenheim during his disseatai11 T
in the early 1960s, focused on homomorphic mapping between algebraic groups and vector
spaces. He developed a theory for nonlinear signal processing referred to as hontomorphi
mapping systems. The essential idea of such systems is that many operasiyrthsgame
algebraic forms as additions; thus, homomorphic mapping between the signal spacas plays
essential role in linear combination in the general sense. The homomorphic magppeng s
comprises three cascading subsystems: the first is an invextitlieear operation that maps a
nonadditive combination operation such as convolution into an ordinary addition. The second
subsystem is a linear system obeying the additive superposition rules. {lhébBstem is the
inverse of the first nonlinear system. If we have two signals that are cedydiheir Fourier
transforms are multiplied and the complex logarithm will produce the sum of the tWouoigr
transforms. After this, the inverse Fourier transform of a sum is the sum ofithielual inverse
transforms. Thus, this cascading operation transforms two convolved signals siontioé the
corresponding signals. Oppenheim’s homomorphic mapping in essence is the same concept

described by Bogart’s “Cepstrum”.

Similarly, if the Cepstrum and the homorphic mapping concepts are extrapolated into
2D applications, an echo in a 2D signal which is in essence the overlap betweeages aan
be detected using the same three cascading operations discussed previoystyishbéien
referred to agmageregistration The main reason that this method is not employed in 2D
applications such as image registration is that not as simple as previcasiyseéd in 1D

application; that is because in 2D applications the echo signal can be transtdéeslj,retated or
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any combination thereof which means the echo signal may be completeltedifteyond
recognition from the original signal. For this reason, early attempts to aagsiral analysis to
images was only limited by translation and small rotatie@sdegreesp 26. Later papers
proposed methods that extend these concepts to rotation and scaling; however, the authors
demonstrated that it had overall inferior performance. The theory of each akdwwill be
discussed in detail here. The generahfaf Cepstral in 2D B T, V) is expressed by the
following formula, which is defined as the magnitude of the inverse Fourier of thethogic

magnitude of the Fourier transform of the image.

ETY=|a’Ylogl & BT Q}}

Cepstral Angjsis for Translation Estimation
Ifwelet B( T U and B( T U represent two images, wheRis the translated version &g

displaced by an arbitrary vect@¥ i i;) and attenuated by) we get the following equation:

B(TU= UB(TU+ ig 1)
If 0T U isthe sum of the two imagdgand B, then the previous equation can be written as

following:

BTY = B(TYU+ B(TY= B(TY+ UBKF iy Ut 1,0

By taking the 2D Fourier Transform of both sides we get:

*(QR= af QR+ UafQRAYea>¢d

25R. Gonzalez “Robust Image Registration via Cepstral Analysis” latierral Conference on Digital Image
Computing: Techniques and Applications, 2011, pfb@0

26DJ Lee, et al. “Power Cepstrum and Spectrum Techniques Applied to Image&iegisApplied Optics, 1988,
vol 27, pp.10991106
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Factoring out(s Q B we get:

*(QR= 35( QR K+ UA?Yké a>€40(
By taking the log of both sides and simplifying using the Taylor series erparsfdog(1+x), we

obtain the following equality and series representation:

logk { QR o= log| af QR| + logk + UA ¥ a>€aoq
| PN
S (FD2W® .. .
0k QR 0= logl af QBI + [ LT e s>eus
a@s
By taking the inverse Fourier Transform of both sides, we get the Cepstroftoasniy:

.\ (F1)ap

3 WT FiUF))

BTU= BTV

Where the location of the Dirac delta function is given hy {;), which is the relative

displacement between the two images.

Cepstral Analysis for Rotation and Scaling Estimation
Ifwelet B( T U and B( T, U represent two images wheggis the rotated versioof Bby an

arbitrary anglea and scaled by a factadpwe get the following equation:

B(TUY= B(OTcosa+ Olsina FT,,Olcosa F OTsin a F W)

Taking the Fourier transform of both sides

. 1 ovessenys ..., R...Q R~
= — A d : + — — —
ag QR |(DA a5@%5:osa Sin a,—cosa FosmaA
Taking the magnitude of both sides we get:
. 1 . Q R . Q R |
= — + — — —
| ag QR lq)Zgé%cosa sin a,—cosa F-sin aAZ
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Transforming the polar coordinate (u,v) on the right hand side to polar coordinate expressed in

U3 E\VXEVWLWXWLQJ X U FRV 3 DQG Y U VLQ 3 ZH REWEL

| ag QR| = ! Z3 Nosacosi+ Nin asin 1 Nsinacosi+ NosasinTAZ
QR =15 49 S o &

By applying the product to sum trigonometric identity, we get:
| ag QR| = L Z3 Nos(z‘a+ 1) Nsin(z‘a+ NHAZ
Q - | q) §@§ ' O
By transforming the previous equation into polar coordinate system videré4 ¥+ R and
=N?P=J = Pg?@l;dtﬂ; in the following equation:

|8 ND) = Z8@) &

By taking the log of both sides we get:

—)

. . 1 SN
log| ag{ NT)| :Iogﬁ)+ log Za@)a+ TAZ
Iog| (D+ | aglog N Fog Q a+ 1)

The rotation and the scaling difference betwie&#g and | a4 arerecovered in the polar

coordinate system using the cepstrum method as if it were translated inaDaspesi€.

Results

The performancef cepstral analysis in image registration and disparity estimation was
evaluated using several images incorporating only the translation displaicethema. The data
was generated from Google Earth Studio using only tietesal trajectory, aBigure74 shows.
The camera was fixed at 65 degrees tilt angle and 225 degrees pan angle andycfyisiguatl

altitude 179 feet between longitude/latitud@2.387/37.792 and -122.388/37.793.
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Figure 74- Test Scenario Trajectory

To first test the disparity estimation using Cepstral analysis, a portioa bfghframe
image was concatenated with the whole first frame image as shdwgune75a below. The
Cepstrum was calculateding the equations described in the previous section. The graph on
Figure75b shows two Dirac deltas. The Dirac deltas are at locations 1153 and 385, with a
magnitude of 1 and 0.018, respectively. This means that the displacdrtieneoho signal is at
pixel location 768 of the test image. This pixel location is calculated by subtraaihgdh
location values of the Dirac deltas. The markeffigure75a shows the location at which the

cepstral analysimdicated that the overlap captured.

134



Figure 75- (a) 11/11 Concatenation, (b) 11/11 Concatenation Cepstrum

The second test of disparity estimation concatenates the same slice fromst iheafje
used in the previous experimewith the 3" frame image as shown Figure76a below. The
cepstrum was calculated using the equations described in the previous sectioapitangr
Figure76b shows two Dirac deltas. The Dirac deltas a@irlocations 1153 and 534, with a
magnitude of 1 and 0.0013, respectively. This means the displacement of the echo dignal is a

pixel location 619 of the test image. This pixel location is calculated by subtracihgdh
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location values of the Dirac tias. The marker ifrigure76a shows roughly the location at

which the cepstral analysis indicated: this is indeed where the overlap wasdaptu

Figure 76- (a) 11/15 Concatenation, (b) 11/15 Concatdien Cepstrum

The third test of disparity estimation concatenated the same slice from thmdige that
is used in the previous experiment with th& frdme image as shown Figure77a below. The
cepstrum was calculated usitige equations described in the previous section. The graph on

Figure77b shows two Dirac deltas. The Dirac deltas are at locations 1153 and 683 with a
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magnitude of 1 and 0.00103, respectively. This means the displacement of the echo aignal is
pixel location 470 of the test image. This pixel location is calculated by subtracihgdh

location values of the Dirac deltas. The markefigure77a shows the location at which the
cepstral analysis indicateThis is indeed where the overlap was captured. The overlap was still
visible despite the fact that the cepstral is becoming weaker as the closeuim gigphe77c

shows.

Figure 77- (a) 11/110 Concatenation, (b) 11/110 Concatenation Cepstrum, (c) 11/110 Ceptrum Closeup

The last test of disparity estimation that was performed concatenated thdisarimers
the first image that is used in the previous experiment with thérae image, as shown i
Figure78a below. The Cepstrum was calculated using the equations described in the previous
section. The graph drigure78b shows two Dirac deltas. The Dirac deltas are at locations 1153

and 714, with a magnitude of 1 and 0.00061, respectively. This means the displacement of the
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echo signal is at pixel location 442 of the test image. This pixel location is calcwated b
subtracting the two location values of the Dirac deltas. The markégume78a shows the
location at which the cepstral analysis indicated. This is indeed where thapowesd captured.
The overlap was at this point harder to detect due to the fact the Dirac detibseased in the
noise, as the closeup graphHigure78c shows. The reason for this is that, despite the camera
movement being lateral, the projected information from the 3D captured scene hths adde

information that was not previously available in the original perspective.

Figure 78- a) 11/115 Concatenation, (b) 11/I115 Concatenation Cepstrum, (c) 11/115 Ceptrum Closeup

In summary, even though the cepstral worked well in the closeup scene and it is a
relatively cheap function to perform, it is haocdauto detect the overlap between the images as
they get further apart. Thus, a more robust method has to be developed to estinmeate imag

disparity to optimize the camera positions.
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CHAPTER 6- SUMMARY

This dissertation addressed a solution for the continuity aspect of trackmgollition
utilized Systems Engineering methodology throughout the design process. Tmepiesess
started with the needs analysis, wherein the operational concept and tfen&lrastalysis were
performed to fully estnate the feasibility of the project and how to meet the needs identified by
the analysis. The next step in the design process detailed the concept througiotimapee of
a trade study to address all the requirements, while leaving room for follow-ujnexps. The
next step in the design process identified the risks with the design and the intptemeof the
project. The risk analysis identified several areas of concerns for reagdnas drone
integration, object detection algorithm, camerardowtion, and camera position optimization.
After the risks were identified, the concept was outlined and the requiremeathavdened by
performing the advanced development. The advanced development is also responsible for
developing the concepts and the prototypes of the algorithms. Some of the more complex
subsystems that posed higher risk were designed and prototyped in the subsequent dimapters. T
last sections of the first chapter conceptually detailed the software systeamgineering
design, the integration and evaluation, the production and operation, and the support of the
product. All these sections preliminarily detailed the operations, sincedtiegbiis not going to

be produced or fielded by this dissertation.

Chapter 2 discussed thest publication for this design. This chapter detailed the system
block diagram, as well as each of the subsystem functional diagrams. The systemposed of
the following subsystems: image processor; object detector; backgroundsupthe traking

subsystem which is composed of an object tracker; a trajectory prechetbegtback analyzer;
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the camera mesh calibration system which is composed of a matching feature eatichato
relative pose estimator; and lastly the camera controller. The chapter distesede phases
of implementation. The first proposed phase suggested a single camera thatquetiar first
six functions described above. The second proposed phase suggestecamartistationary
system. This system used all thiee subsystems described above. The last proposed phase
suggested a multi-drone mesh network, where the coordination of all the camersix have
degrees of freedom. The rest of the chapters addressed thiskighbsystems for the multi

camera applicabns.

Chapter 3 addressed the object detector subsystem. It discussed several deep neur
networks and benchmarked their performance using the Stanford Cars Datasdatdasget
comprises 16,185 images of 196 classes of cars. This dataset resembtesseatiarios for our
application since the images are taken in various lighting conditions, backgrouads, siz
orientation and blur effects. The deep neural networks that were benchmarked at€, VGG
VGG19, DenseNet201, NASNetLarge, InceptionV3, XceptinoeptionResNetV2,

MobileNetV2, ResNet50V2, ResNet152V2, ResNeXt50. The chapter discussed thecanehi

of each network and its performance. The network ranked as following: Re&gNeXt
DenseNet201, Xception, NASNetLarge achieved above 92% accuracy; ResNet152V2,
InceptionV3, ResNet50V2 achieved above 91% accuracy; and MobileNetV2 and
InceptionResNetV2 achieved above 90%. The VGG16 and VGG19 approaches did not perform
well with this dataseandl was not able to reproduce the results achieved by Benavides and Tae
paper The chapter introduced two collaborative approaches to enttenperformance. The

first collaborative approach is the Equal Voting technique where all the pditigipatworks

had equal voting in selecting the proper class. The semiladborative approach is called
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Selective or Weighted Voting where each network has a different voting vigigédl on its
achieved performance during the training. Both approaches appreciablydéueiesror (by

approximately 10%).

Chapter 4 discussed the second publication for this dissertation. It addressed three
methods to correlate a mesh (malimera) system. The first method had to have a priori
knowledge of the camera locations and orientation. The second method correlatecetias cam
based on several non-orthogonal distant points such as a stellar constellatiort. meéiac
proposed a system that leverages the idea of stereo vision at a larger scatetfddsrelied on
overlap between the images since it corresponds to the matching$dagtween the two
images before finding the fundamental matrix. This matrix is essential in estima&tipgsh
between the two images to reconstruct the scene in three dimensions. This Claeteented

the latter system, showing the results and treections that were made to optimize the results.

Chapter 4 used the feature overlap between the two cameras without addressing the
optimized camera positions. Chapter 5 attempted to address the camera positizatopiim
using Cepstral Analysis sindgis a more rudimentary image processing function. The chapter
discussed the history and the theory of Cepstral Analysis, and then showed thaobseved
by calculating the cepstrum between frames of translation displacement simidatedEven
though the cepstral analysis worked well in the closeup scene and is a relativelyuriotian f
to perform, it is hard to auto detect the overlap between the images as theyhgeifoatt.

Thus, a more robust method has to be developed to estimate iisp@etylto optimize the

camera positions.

This dissertation designed and implemented some of the complex subsystems. Severa

enhancements will be implemented during the plostoral research to complete additional
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aspects of this research. The firstaglevelop a more robust, yet rudimentary, method to
estimate the image disparity and optimize the camera position. Another ngogdgaization is

to implement the idea of an MPEZ'I” frame to change the frame of reference after N number
of cameras taninimize the accumulated error of rotation and translation, while correlagng t
images. Another area that needs to be prototyped is the trajectory preditbrijsiessential to
predict the next move of the object of interest. The last area thattodselsesearched further is
the integration of this system ordégrees of freedom drones so it can track the desired object of

interest throughout space.

142



[1]
[2]

[3]

[4]

[5]
[6]

[7]

[8]

[9]

BIBLIOGRAPHY

A. Kossiakoff, Systems Engineering Principal and Practice, Wiley, 2011.

L. Maddalena and A. Petrosino, "A Self-Organizing Approach to Background Sidaire
for Visual Surveillance Applications|EEE Transactions on Image Processipg, Vol.
17, no. 7, pp. 1168-1177 , 2008.

H. Williams and S. Simske, "Object Tracking Continuity through Track and Trace
Method," inElectronic Imaging, Autonomous Vehicles and Machi8es Francisco, CA,
USA, 2020.

S. Saha, 2018. [OnlineAvailable: https://towardsdatascience.commdenprehensive-
guideto-convolutionalneuratnetworks-theeli5-way-3bd2b1164a53.

J. Krause, 2013. [Online]. Available: http://ai.stanford.edu/~jkrause/cars/casethtml.

K. Simonyan and A. Zisserman, "Very Deep Convolutional Networks For LSecgke
Image Recognition," ilCLR, 2015.

D. S. Bolme, J. R. Beveridge, B. A. Draper and Y. M. Lui, "Visual object tracksngy
adaptive correlation filters," ilEEE Computer Society Conference On Computer Vision
and Pattern Recognitigrfan Francisco, CA, USA, 2010.

G. Huang, Z. Liu, L. Van Der Maaten and K. Weinberger, "Densely Connected
Convolutional Networks," iIhlEEE Conference on Computer Vision and Pattern
Recognition (CVPRRO017.

J. Krause, M. Stark, J. Deng and L. Fei-Fel, "3D Object Representationaddsf@ined
Categorization," iInEEE International Conference on Computer Vision (ICC3¥)dney,
Australia, 2013.

[10] L. N. Smith, "Cyclical Learning Rates for Training Neuxetworks," inlEEE Winter

Conference On Applications of Computer Vision (WAGdhta Rosa, CA, USA, 2017.

[11] B. Zoph, V. Vasudevan, J. Shlens and Q. V. Le, "Learning Transferable Archisefcture

Scalable Image Recognition," IBEE Conference on Computer Vision and Pattern
Recognition (CVPRR018.

[12] C. Szegedy, V. Vanhoucke, S. loffe, J. Shlens and Z. Wojna, "Rethinking the Incept

Architecture for Computer Vision," ilEEE Conference on Computer Vision and Pattern
Recognition (CVPRR016.

143



[13] F. Chollet, "Deep Learning with Depthwise Separable Convolution$£HE Conference
on Computer Vision and Pattern Recognition (CVPRL7.

[14] C. Szegedy, S. loffe, V. Vanhoucke and A. Alemi, "InceptidninceptionResNet and
the Impat of Residual Connections on Learning,’AAAI Publications, Thirty=irst AAAI
Conference on Atrtificial Intelligenc017.

[15] K. He, X. Zhang, S. Ren and J. Sun, "Deep Residual Learning for Image Recotmitic
IEEE Conference on Computer Vision and Pattern Recognition (G\2PR§.

[16] S. Xie, R. Girshick, P. Dollar, Z. Tu and K. He, "Aggregated Residual Transformatio
Deep Neural Networks," IEEE Conference on Computer Vision and Pattern Recogt
(CVPR) 2017.

[17] S. J. Simske, Meta-Algorithmics Patterns for Robust, Low Cost, High Q&aidtems,
John Wiley & Sons, 2013.

[18] V. Nastro and U. Tancredi, "Great Circle Navigation with Vectorial Methdd"Journa
of Navigationpp. Vol. 63, Issue 3, pp. 557-563, 2010.

[19] Q-T. Luong and O. Faugeras, "The fundamental matrix: Theory, algorithmstaduildys
analysis., International Journal of Computer Visiopp. Vol. 17, pp. 43-75, 1996.

[20] A. Trabelsi, M. Chaabane, N. Blanchard and R. Beveridge, "Pose Proposal and Rl
Network for Better 6D Object Pose Estimation,THEE/CVF Winter Conference on
Applications of Computer Vision (WAG\2D21.

[21] H. Williams, S. Simske and F. G. Bishay, "Unify The View of Camera Mesh dtktio a
Common Coatinate System," iclectronic Imaging, Autonomous Vehichles and
Machines 2021.

[22] B. Bogert, "The Quefrency Alanysis of Time Series for Echoes: @epsPseudo
Autocovariance, Cross-Cepstrum and Saphe CracKimgé Series Analysipp. 209-243,
1963.

[23] A. Oppenheim and R. Schafer, "From Frequency to Quefrency: a History of thar@&g
IEEE Signal Processing Magazimg. Vol. 21, Issue 5, pp. 95-106, 2004.

[24] M. Azimi-Sadjadi, Digital Image Processing Lectures22] Colorado State University,
2017.

[25] R. Gonzalez, "Robust Image Registration via Cepstral AnalysitfBER International
Conference on Digital Image Computing: Techniques and Applicatdoisa, Australia,
2011.

144



[26] D.-J. Lee, T. Krile and S. Mitra, "Power Cepstrum and Spectrum Techniques Applie
Image Registration Optical Society of Americgp. Vol. 27, Issue 6, pp.109%406, 1988

[27] C. Veness, 2020. [Online]. Available: https://www.movable-
type.co.uk/sapts/lationg.html.

[28] S-C. Cheung and C. Kamath, "Robust techniques for background subtraction in urk
traffic video," inSPIE Visual Communications and Image Processi0g4.

[29] L. Maddalena and A. Petrosino, "A Self-organizing Approach to Detection of Movin¢
Patterns for Realime Applications," innternational Symposium on Brain, Vision, and
Atrtificial Intelligence (BVAI) Berlin, Heidelberg, 2007.

[30] P. Torr and D. Murray, "The Development and Comparison of Robust Methods for
Estimating the Fundamental Matrix," limternational Journal of Computer Visiph997.

[31] C. Park, JE. Lee and KH. Bae, "Corresponding Metadaiased Stereo Object Trackir
System Using Dispiy-Motion Estimation,"Journal of Image Science and Technology,
pp. Vol 53, Issue: 1, pp.10502-1-10502-6, 2009.

[32] E. ReyesSantos, H. Jimenedernandez, L. BarrigRodriguez, J. Soto-Cajiga, H. H anc
CarrizoCorral, "Tracking and Estimating Tiidensional Position Through Camd?a-
Array," Electronic Imaging, Video Surveillance and Transport Imaging Applicatfgms,
1-7, 2016.

[33] J. Li, H. Aghajan, J. R. Casar and W. Philips, "Camera Pose Estimation by Miertat
Sensor Fusion: An Application to Augmented Reality Booksgttronic Imaging, The
Engineering Reality of Virtual Realitpp. 1-6, 2016.

[34] J. Li-Chee-Ming and C. Armenakis, "UAV navigation system using line-based gerse
estimation,"Geaospatial Information Sciencep. Vol.21, Issue 1, pp. 2-11, 2018.

[35] Z. Zhou, D. Yin, J. Ding, Y. Luo, M. Yuan and C. Zhu, "Collaborative Tracking Meth:
Multi-Camera System,JJournal of Shanghai Jiaotong University (Scienpg), Vol.25,
pp.810-810, 2020.

[36] D. H. Ye, J.Li, Q. Chen, J. Wachs and C. Bouman, "Deep Learning for Moving Obje
Detection and Tracking from a Single Camera in Unmanned Aerial Vehicles (IJAVs
Electronic Imaging, Imaging and Multimedia Analytics in a Web and Mobile Wapld,
466-1-466-6, 2018.

[37] E. Unlu, E. Zenou, N. Riviere and P.-E. Dupouy, "An autonomous drone surveillanc
tracking architecture,” iklectronic Imaging, Autonomous Vehicles and Machines
Conference2019.

145



[38] S. Campbell, N. O'Mahony, L. Krpalcova, D. Riordan, J. Walsh, A. Murphy and C. k
"Sensor Technology in Autonomous Vehicles : A reviewBBE 2018 29th Irish Signa
and Systems Conference (ISI&lfast, UK, 2018.

[39] M. Walters, "Sensor Techologies for Autonomous VehiclesEl@etronic Imaging,
Autonomous Vehicles and Machin920.

[40] Y.-J. Chang and YS. Ho, "Disparity Estimation Using Fast Moti@&®arch Algorithm ani
Local Image Characteristics," Electronic Imaging, Image Processing: Algorithms and
Systems XYR018.

[41] J. W. Davs and A. Bobick, "The Representation and Recognition of Human Movemt
Using Temporal TemplatedEEE, pp. 928934, 1997.

[42] E. P. ljjina, "Human Fall Detection in Deptfideos Using Temporal Templates and
Convolutional Neural Networks.|"earning and Analytics in Intelligent Systemg, 217-
236, 2022.

[43] J-H. Mun and Y.-S. Ho, "Guided Image Filtering based Disparity Range Contrtariecdt
Vision," Electronic Imaging, Stereoscopic Displays and Applications XXill[130-136,
2017.

[44] N. Benavides and C. Tae, "Fiained Image Classification for Vehicle Makes & Mo
using Convolutional Neural Networks," CS230 Standford.

[45] T. G. Dietterich, "Ensemble Methods in Machine Learning. In: Multiple @iess
Systems.,'MCS 2000. Lecture Notes in Computer Scieppeyol 1857, pp. 1-15, 2000.

[46] S-H. Seo and M. R. Azimi-Sadjadi, "A R-Filtering Scheme for Stereo Image
Compression Using Sequential Orthogonal Subspace UpddtiigE' Transactions on
Circuits And Systems For Video Technologl, 11, no. 1, pp. 52-66, 2001.

[47] S-W. Seo, M. Azimi-Sadjadi and B. Tian, "A leasjuaresased 2D filtering for
disparity estimation,” ifProceedings of International Conference on Image Processing
Santa Barbara, CA, USA, 1997.

146



APPENDIX 1

Python Version List

Package Version
python 3.9 Python 3.9.7
Jinja2 3.0.1
Keras-Applications 1.0.8
Keras-Preprocessing 1.1.2
Markdown 3.34
MarkupSafe 2.0.1
Pillow 8.3.2
PyWavdets 1.1.1
PyYAML 54.1
Pygments 2.10.0
Shapely 1.7.1
Werkzeug 2.0.1
abslpy 0.13.0
adam 0.0.0.dev0
albumentations 1.0.3
astunparse 1.6.3
backcall 0.2.0
bokeh 2.4.0
cachetools 4.2.2
certifi 2021.5.30
charsetnormalizer 2.0.5
clang 5
colorama 0.4.4
consoleprogressbar 1.1.2
cycler 0.10.0
daytime 0.4
decorator 5.1.0
easydict 1.9
efficientnet 1.0.0
flatbuffers 1.12
gast 0.4.0
googleauth 1.35.0
googleauth-oauthlib 0.4.6
googlepasta 0.2.0
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graphviz

grpcio

h5Spy

idna
image-classifiers
imageio
imgaug

ipython

jedi

joblib

keras
kiwisolver
livelossplot
matplotlib
matplotlib -inline
networkx
numpy
oauthlib
opencwpython
opencwpython-
headless
opt-einsum
packaging
pandas

parso
pickleshare

pip
prompt-toolkit
protobuf
pyasnl
pyasnlmmodules
pydot

pydot2

pydot3

pyparsing
python-dateutil

pytz

requests
requestsoauthlib
rsa

scikit-image
scikit-learn

scipy

0.19.1
1.40.0
3.1.0
3.2
1.0.0
2.9.0
0.4.0
7.27.0
0.18.0
1.1.0
2.6.0
1.3.2
0.54
3.4.3
0.1.3
2.6.3
1.19.5
3.1.1
4.5.3.56
4.5.3.56

3.3.0
21
1.3.3
0.8.2
0.7.5
21.3.1
3.0.20
3.18.0
0.4.8
0.2.8
1.4.2
1.0.33
1.0.9
2.4.7
2.8.2
2021.1
2.26.0
1.3.0
4.7.2
0.18.3
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seaborn
segmentationmodels
sequence
setuptools

Six

sklearn

tensorboard
tensorboard-data-
server
tensorboard-plugin-
wit

tensorflow
tensorflow-estimator
termcolor
threadpoolctl

tifffile

torch

torchvision
tornado

tqgdm

traitlets
typing-extensions
urllib3

wcwidth

wheel

wrapt
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0.11.2
1.0.1
0.3.4

57.0.0

1.15.0

0
2.6.0
0.6.1

1.8.0

2.6.0
2.6.0
1.1.0
3.0.0
2021.8.30
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0.10.1
6.1
4.62.2
5.1.0
3.10.0.2
1.26.6
0.2.5
0.36.2
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