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Computer Vision Tracking of sUAS from a Pan/Tilt Platform

Jeremy P. Ogorzalek

(ABSTRACT)

The ability to quickly, accurately, and autonomously identify and track objects in digital im-
ages in real-time has been an area of investigation for quite some time. Research in this area
falls under the broader category of computer vision. Only in recent decades, with advances
in computing power and commercial optical hardware, has this capability become a possi-
bility. There are many different methods of identifying and tracking objects of interest, and
best practices are still being developed, varying based on application. This thesis examines
background subtraction methods as they apply to the tracking of small unmanned aerial sys-
tems (sSUAS). A system combining commercial off-the-shelf (COTS) cameras and a pan-tilt
unit (PTU), along with custom developed code, is developed for the purpose of continuously
pointing at and tracking the motion of a sUAS in flight. Mixtures of Gaussians Background
Modeling (MOGBM) is used to track the motion of the sSUAS in frame and determine when
to command the PTU. When the camera is moving, background subtraction methods are
unusable, so additional methods are explored for filling this performance gap. The stereo
vision capabilities of the system, enabled by the use of two cameras simultaneously, allow
for estimation of the three-dimensional position and trajectory of the SUAS. This system can
be used as a supplement or replacement to traditional tracking methods such as GPS and

RADAR as part of a larger unmanned aerial systems traffic control (UTC) infrastructure.



Computer Vision Tracking of sUAS from a Pan/Tilt Platform

Jeremy P. Ogorzalek

(GENERAL AUDIENCE ABSTRACT)

The ability to quickly, accurately, and automatically identify and track targets in digital
images has been of interest for some time now. Research in this area falls under the broader
category of computer vision. Only in recent decades, with advances in computing power
and commercial optical hardware, has this ability become a possibility. There are many
different methods of identifying and tracking targets of interest, and best practices are still
being developed, varying based on application. This thesis examines background subtraction
methods as they apply to the tracking of small unmanned aerial systems (sUAS), commonly
refered to as drones. A system combining cameras and a moving platform, along with custom
developed code, is developed for the purpose of continuously pointing at and tracking the
motion of an sUAS in flight. The system is able to map out the three-dimensional position

of a flying sUAS over time.
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Chapter 1

Introduction and Motivation

1.1 Introduction to Target Tracking

Tracking objects and modeling their behavior has long been of broad interest to the scientific
and engineering community. Radar was developed during World War II expressly for this
purpose, and offered an immense tactical advantage to those who possessed it over those
who did not. Global navigation satellite systems, of which the Global Positioning System
(GPS) is the most widely known, is an extension of the principles of radar allowing for
precise positioning across the Earth. Both these methods have their limitations. RADAR
systems require a signal reflection from the object. As such, the object needs to be of
suitable size and shape to return a useful signal. Additionally, any other objects in the area
can reflect signals, making it difficult to isolate the intended object. Tracking and object via
GPS requires the object of interest to have a receiver and to be transmitting the relevant
state information, making it unsuitable for non-transmitting or non-cooperative objects.
An alternative and/or supplement to these techniques is tracking based on electro-optical
sensing, otherwise known as digital imaging. Digital images of an object can be captured
and analyzed, extracting information about the object’s three-dimensional properties and
behavior from the two dimensional images. The process of extracting useful information
from digital images is known broadly as computer vision. All that is required to image an

object is direct line-of-sight. Clear air and sufficient lighting are required to image an object
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in the visible spectrum, but are not necessary in some other wavelengths. Images can be
taken using light from across the electro-magnetic spectrum. Digital images function even
in cluttered environments where the object of interest is one of many objects present, and

do not require the object of interest to be cooperative or transmitting in any sense.

Today, with the all-around advancements in autonomy and Al that are entering our society,
there are a plethora of desirable objects to track. There is a large focus in the automobile
industry on bringing self-driving cars to market. Of paramount importance to both con-
sumers and developers of self-driving cars is the safety of the drivers of these cars, as well
as the drivers and pedestrians around them. In many cases, object tracking computer vi-
sion techniques have been implemented, alongside other sensing phenomenologies, to aid in
the decision-making process for these vehicles. Research efforts in autonomous automobiles
have tested and implemented a wide variety of computer vision techniques, and conclusions

of best practices can vary widely depending on use-case and environment [7], [8], [31].

1.2 sUAS Proliferation

Small Unmanned Aerial Systems (sUAS) are becoming an increasingly prevalent component
of our society. There are many ongoing efforts to integrate them safely and efficiently into our
existing infrastructures [39]. sUAS are already being used to inspect bridges and buildings
for damage, decreasing risk for humans. On the entertainment side, there exists a rapidly
growing first-person-view drone racing community as well as one for aerial photography. In
retail, large companies hope to revolutionize how goods are delivered to consumers by using

sUAS.

The same level of emphasis placed on the safety of autonomous automobiles must be placed

on sUAS going forward. With increasing frequency, sUAS are operating in environments
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alongside humans, and pose much of the same risk as driverless cars [33]. One important
element of safety will be knowing when an sUAS enters an environment and where it is
within that environment. Many of the same computer vision techniques being used in the
automobile industry can be applied, with some modification, to the problem of detecting

and tracking sUAS for safer flight.

Many companies are working towards delivery of consumer products via sUAS. Operating
on a large scale, logistics would require numerous sUAS departing and returning to central
distribution locations. The potential for collisions would be ever-present. A computer vision
system with a pan/tilt unit tracking the individual sUAS, could, in concert with on-board
sensors, provide valuable information to human supervisors, schedulers, and operators, as
well as to the SUAS themselves to be used in both on-board and off-board processing and
decision making. In effect, the system could act as a kind of autonomous air traffic control

for the ‘airport’ that is the distribution center.

ADS-B, used as a component of air traffic management on most manned aircraft, is assumed
to become an integral part of sSUAS safety. As [29] points out, however, there are issues of
both practicality and reliability. One of the issues is the high cost of an ADS-B system. At
a few thousand dollars, it is not much compared to the cost of a commercial airliner, but it
is for a typical SUAS. Another issue raised is the congestion of the wavelengths that ADS-B
systems transmit on, which can result in severe degradation or entire loss of transmitted
information. Finally, there is always the possibility for jamming or spoofing of all types of
wireless communication, including GPS signal. An electro-optical ground-based system for
monitoring sSUAS traffic, such as the one being investigated in this work, would be immune
to these issues, and would increase the robustness and safety of any air traffic management

system involving sUAS.
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1.3 Applicability to Other Domains

Computer vision techniques are applicable to a wide variety of domains outside of au-
tonomous vehicles and commercial drone management. Fields as diverse as medical pathol-
ogy [14] and agriculture [1] are inventing novel uses for the technology. Real-time object
detection and tracking is a broad field in and of itself that includes use cases such as orbital
debris cataloging [30], fishing regulation enforcement [52], and interpreting hand gesture
commands [38]. The military and defense uses for autonomously detecting, tracking, and
aiming at moving objects are numerous and easily imagined. The techniques discussed in
this work are especially helpful when dealing with non-cooperative objects which are not

sharing information such as GPS data.

1.4 Thesis Contributions

This thesis details the development of a deployable, computer vision-enabled, sUAS tracking
system. Several different background subtraction algorithms are tested to determine their
suitability for tracking sUAS. These algorithms have been compared previously in other
domains, such as automobile traffic monitoring, but here they are compared with a custom
test video data set focused on flying sUAS. Once a background subtraction algorithm is
selected, the various parameters of said algorithm, along with parameters controlling the

pre- and post-processing of the videos, are optimized.

Many computer vision applications include a Kalman filter for improved state estimates
and predictive capabilities, but only include up to acceleration in their state vector. This
thesis develops and tests Kalman filters that take into consideration not only velocity and

acceleration, but also jerk and snap, the third and fourth order time derivatives of position.
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Many previous research efforts use background subtraction methods only with a static, non-
moving camera. This thesis briefly described a novel method that could be used to deal with

camera motion while using background subtraction, and compares it to an existing solution.

Two cameras are put on the PTU, enabling three-dimensional tracking of an object via
stereo vision. The system’s three-dimensional real-world tracking ability is tested against
truth data generated by a GPS receiver on-board the sUAS. Stereo vision itself is not new,
but its use with measurements taken of a flying sUAS via background subtraction methods

is novel.

Such a system could be used as part of a UTM in conjunction with existing detection and
tracking technologies. In addition, the system can be used as part of future research efforts
in the lab. The system has excellent mobility, as all required components fit on and can be

transported on a single cart.

1.5 Document Preview

This document is laid out in the following manner. Section 2 describes the fundamental
theory behind much of the work, as well as reviewing relevant research available in the
literature. Section 3 describes the hardware components being used. Section 4 details
the development of the two-dimensional computer vision tracking algorithm, and briefly
evaluates a novel technique for dealing with camera motion. Section 5 extends the tracking
capabilities of the system to three dimensions through the simultaneous use of two cameras,
and compares results against truth data provided by GPS. Section 6 concludes the thesis

with general discussion and future work.



Chapter 2

Theory and Literature Review

2.1 Computer Vision Theory

2.1.1 Computer Vision Basics

Computer vision, or machine vision, as it is sometimes called, is, at its most basic level, the
analysis of pixel intensity values from digital imagery for the purpose of extracting useful
information from the images. Often, the information that is to be extracted would be trivial
for a human to perceive. For example, identifying an animal in an image, or determining
the size and shape of a building, are tasks that can be completed by small children. For a

computer to do the same thing often requires advanced algorithms and clever strategies.

Digital images are composed of rows and columns of pixels, each assigned one or several
values corresponding to the intensity of the light the pixel replicates. Pixels in black and
white images, also known as greyscale images, are assigned a single value, whereas pixels in
color images typically are assigned three values. The three values of a pixel in a colored image
can correspond to levels of red, green, and blue, or they can follow a variety of other color
coordinate systems that have been created. Images with multiple intensity values assigned
to each pixel are called multi-channel images. Pixel intensity values are typically represented
in an 8-bit system, meaning there are 256 possible values ranging from 0 to 255. In a black

and white image, a pixel value of 0 is pure black, and 255 is pure white, with values in
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between corresponding to varying levels of grey.

B5 |255(221) O
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Figure 2.1: How computers ’see’ the world. An image represented by an array of pixel
intensity values ranging from 0 to 255. [57]

In computer vision, a single image can be analyzed, in which case pixel values can vary
based on their row (x) or column (y) position in the image. Alternatively, a series of digital
images, a video, can be analyzed, which provides another dimension over which pixel values
can change. This third dimension is typically time, as images in a video are typically ordered

chronologically.

2.1.2 Basic Computer Vision Techniques

As mentioned before, computer vision is the field of extracting useful information from the
pixel values in digital images. These pixel intensity values, typically represented with large
arrays of integers, are the only information any computer vision algorithm is able to use.
Many useful ways to manipulate these pixel values have been developed over the years. Some

of the basic techniques used in this work are explained in this section.

Digital images are susceptible to noise in the form of random pixel values distributed across
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the array. The source of this noise is often electrical jitter somewhere in the circuitry of the
imaging hardware being used, or corruption of the data. Because computer vision techniques
rely on images representing the real world accurately, this noise is undesirable. A popular
method of de-noising an image is the process of blurring. Blurring involves performing a
convolution between the image and a kernel. In this context, a kernel is a relatively small
matrix whose elements are chosen such that when convolved with the image, a particular
result is achieved. The process of convolution involves element by element multiplication
between the kernel and every sub-array, with dimensions equal to those of the kernel, that
can be formed from the digital image. The result of that multiplication is typically divided

by the number of elements in the kernel, such that the result is a type of average.

A blurring kernel is designed such that each pixel value in an image is replaced with an
average of the pixel values surrounding it. The simplest blurring kernel is an array of all
ones. More popular is a Gaussian blurring kernel, whose values roughly follow a Gaussian
distribution, with the center value being the highest. An example illustrating this concept
and its effect is shown in Figure 2.2.

Result
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Figure 2.2: Operating on a target image with a Gaussian blurring kernel.
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Another set of common computer vision techniques are known as morphological operations,
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named so because they change the shapes of objects in images they operate on. Erosion and
dilation are two of the most basic morphological operations. These techniques are applied to
black-and-white, also known as binary, images. These images typically have mostly black,
with objects of interest, whatever they may be, in white. A morphological operation uses a

kernel, but in a different way than blurring.

In the erosion operation, as the kernel passes over the image, it determines if any of the pixels
it covers are black. If one or more elements under the kernel are black, then the central pixel
will be turned black. Only if all pixels under the kernel are white will the central pixel
remain white. Dilation is the opposite, where is any pixels under the kernel are white, the

central pixel will become white.

(a) Original. (b) Erosion. (c) Dilation.

Figure 2.3: Basic morphological operations on binary image. [59]

Erosion and dilation are often performed sequentially. Erosion can help rid the image of
small areas of noise, but also shrinks the size of the object of interest in the image. Dilation
is then performed, which enlarges the object, but does not bring back any noise that was
removed during the erosion process. Erosion followed by dilation is known as opening.
Dilation followed by erosion is known as closing, and is used to fill small holes in the object

of interest, or to join together separate areas of white [59].
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(a) Effect of Opening. (b) Effect of Closing.

Figure 2.4: Sequential morphological operations on binary image. [59]

An important concept in computer vision is that of features. Features in an image are areas
or regions, typically very small in relation to the whole image, that are unique enough to
determine where in the image they came from. In practice, the best features in an image
tend to be areas with strong pixel intensity gradients in two directions, ie. corners. Figure
2.5 makes it easy to see why corners are considered good features. Templates A and B
contain only patterns, and can be localized to a region of the image, but not a specific point.
Templates C and D contain edges, and can be localized to a line segment, but, again, not
to a specific point on the line. Templates E and F contain corners, and it is easy to localize
them to a specific point in the image. Corners are easy for humans to match between images,

and in this case, the same is true for computers.

Given a template of an object, that object can be found in a new image via feature matching.
Feature matching works in two steps. The first is the discovery and description of features in
two separate images. The second is matching similar features between the two sets. Features
are matched based on the similarity of their descriptors, which are characterizations of the
pixels composing and surrounding the features. A number of ways to find, describe, and

match features have been developed.
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Figure 2.5: Visualization of why corners are considered good features to find and track in
an image. Only templates E and F are easy to localize in the larger image. [59]

2.1.3 Computer Vision and Detection/Tracking

Computer vision, as a recognized field of serious study, began in the 1970’s, although efforts
to have computers analyze and describe digital images can be found in the 1960’s [51]. The
first computer vision algorithms developed performed tasks such as identifying lines or edges
based on pixel value gradients. Throughout the next few decades, more complex models and

methods were introduced, including those relying on probability and machine learning.

The detection and tracking of objects of interest in images has always been a goal in the field
of computer vision. Here, detection refers to identifying and localizing a feature of interest
in an image. Tracking refers to maintaining localization knowledge of that feature of interest
across multiple images, typically ordered chronologically. Applications for such a capability

include remote security monitoring, augmented reality sports broadcasting, and many more.
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To track objects in real-time in high resolution video requires appreciable computational
power. With this power now widely accessible, especially to researchers, there have been
major strides in the advancement of detection and tracking methods. There are a great
number of object detection and tracking techniques that have been developed over the past
decades, and best practices are still being sought. [58] groups detection methods into four

categories: point detectors, segmentation, supervised classifiers, and background modeling.

Point detector algorithms locate individual pixels or groups of pixels that are easily distin-
guishable from the surrounding image features. These features are typically corners where
two distinct lines meet, as these features are easiest to identify and correlate between images,
as explained in Section 2.1.2. Popular algorithms for feature detection are the Harris Corner
Detector [17], and the Shi-Tomasi Good Features to Track method [47]. Many different algo-
rithms for describing and matching features between images have been developed, including
the patented methods SIFT [32] and SURF [2], along with the free and open-sourced ORB
[45].

Segmentation algorithms aim to divide the image into separate regions based on some de-
fined criteria. In the field of object detection and tracking, the image is typically divided into
background and foreground. Background refers to anything that is not the object of inter-
est, where foreground is the object. Popular segmentation methods include the Watershed

Transformation [9] and Continuously Adaptive Meanshift [5].

Supervised classifiers encompass the machine learning techniques in which an algorithm
‘learns’ what it is looking for. The classifier can be trained offline beforehand, or can learn
online with some input from the user. The classifier will then attempt to find the object of

interest in each subsequent frame.

Background modeling and subtraction is the group of methods that attempt to estimate the
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composition of the background, and compare information in new frames to that background
model. Any pixels in new frames that do not fit the background model can be classified as
foreground. In this way, background modeling and subtraction can be considered a form of
image segmentation. One major difference between background modeling and the segmenta-
tion techniques described by [58] is that background modeling techniques all leverage some

amount of history in their algorithms.

Background modeling techniques are the main detection and tracking method used in this
work. Their evolution and function are described more fully in Section 2.1.4. Background
modeling and subtraction methods have the advantage of not requiring any information prior
to operation. Classification methods, on the other hand, require prior knowledge about the
appearance of the object to be located. Background modeling and subtraction methods are

therefore much more general, and can be used to detect any moving object.

2.1.4 Mixture of Gaussians Background Modeling and Subtrac-

tion

As mentioned before, most detection and tracking algorithms attempt to find an object of
interest in an image, often referred to as the foreground, and follow its motion over time.
Background modeling and subtraction algorithms are a family of techniques that all involve
trying to resolve an image into its background and foreground components by building a
model of the background scene, and comparing each subsequent image to that model. By
comparing subsequent frames to this background model, the algorithm can determine what

is not part of the background, and therefore must be part of the foreground.

One of the simplest methods of background subtraction in video is sequential frame differ-

encing. In this method, first discussed in [21], the background model is simply the previous
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frame, or a frame that was supplied beforehand and is known to contain only background.
Each new frame’s pixel intensity array is literally subtracted, element by element, from the
previous frame’s. Pixel intensity values that did not change between the two frames will
cancel out, resulting in a zero. Regions in which values did change will result in a non-zero
values. If the absolute value of subtracted pixel intensities is above a predetermined thresh-
old T, the pixel is classified as foreground, as seen in Equation 2.1. This method, visualized

in Figure 2.6, is rigid, and requires an unchanging background to perform well.

Pizel (z,y) is foreground if |IL,,(t—1)—1IL,&)|>T (2.1)

......

(a) Background Image. (b) New Image. (c) Differencing Result.

Figure 2.6: Literal differencing, in which the new image intensity array is subtracted from
the background image intensity array.

Instead of each background pixel being represented by a single intensity value, [56] suggested
that each background pixel be represented by a changing Gaussian probability density func-
tion. In this model, each pixel of the background has it’s intensity modeled by a normal

Gaussian probability density function, seen in Equation 2.2.

1
V2o

P(I,,) = ooy —10)? 20 (22)

Here, y is the mean and o2 is the variance of the intensity values expected at pixel (z,y).
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w for each pixel’s function is a type of weighted average of the past intensity values of that
pixel. The rate at which u changes is controlled by the parameter «, often referred to as the
learning rate of the model. Each new ;1 and o2 for the component representing pixel (z,y)

at time ¢, are calculated with Equations 2.3 and 2.4.

Poy(t) = ax Iy () + (1 — @) % (2 — 1) (2.3)

0y (1) = ok (Lo (t) = pray(t = 1))° + (1 — ) 0y (£ — 1) (2.4)

In this way, only the mean at the previous step p,,(t — 1) and the newly measured intensity
value I, ,(t) are required to compute the updated mean p,,(t). No history of past mea-
surements are required to be stored in memory. In subsequent frames, the new pixel values
are compared to their respective background model Gaussian probability distributions, and
some form of hypothesis testing is performed. If it is deemed likely that the new pixel value
belongs to the distribution, based on some predefined confidence interval, then the new
pixel value is classified as background. Otherwise, the new pixel value is classified as fore-
ground. This strategy affords the benefit of statistical probability to background/foreground

segmentation as well as adaptation over time, allowing for a changing background scene.

a’s value controls how quickly p,, and ai, converge to newly observed data values. If

Y

2

2,(t), and previous

a was set to 1, then p, ,(t) = L, ,(t — 1) at every step, likewise for o
measurements have no influence. Conversely, if o was set to 0, p,, and O’i’y would never

update.

As [25] points out, this formulation updates the background model with every new pixel, even
if that pixel is deemed to contain foreground. [25] suggests to reformulate the background

model Gaussian mean and variance update with Equations 2.5 and 2.6.
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oy (t) = (1= M)« (s L (t) + (1 — @) % gy (t — 1)) + M * iz, (t — 1) (2.5)

Q
o
~—~
~
S~—
I

(1= M) * (o (L gy (t) = pay (t — 1))+ (1—a)* afc’y(t — 1))+ M « criy(t —1) (2.6)

Here, the M coefficient is equal 1 if the new pixel is deemed foreground, and 0 otherwise.
In this formulation, if the new pixel is foreground, and therefore M = 1, the new function
mean and variance are simply equal to their previous values, and the newly measured pixel
intensity value has no impact on the model. The background model is only updated by new

measurements that are part of the background, which is intuitively beneficial.

This method remains unfit for a background that may take on several distinct values at a
given pixel. Take for instance, the case of a tree branch blowing in the wind. A background
pixel’s intensities may alternate between the light blue of the sky and the dark brown of a
tree branch rapidly. Changes in illumination in a scene can cause similar issues. In these
cases, a single Gaussian distribution can not accurately model the background behavior.

Mixture of Gaussians background modeling (MOGBM) aims to address this issue.

First suggested in [50], and improved in [22], MOGBM method models each background
pixel with a mixture (a summation) of K separate Gaussian probability density functions,
each with an associated weight factor. Each new pixel value is compared to the resulting
distribution, and judged to either be part of that distribution or not, again using some form
of hypothesis test. For example, in [50], a pixel is determined to be part of the background
scene if it’s value falls within 2.5 standard deviations of one of the component distributions’
means. If the pixel is classified as foreground, a new Gaussian distribution is created with
mean equal to the pixel’s intensity value. A weighted mixture of Gaussians probability

density function, consisting of K components takes the of Equation 2.7.
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K
P(lyy) = Zwk *1)(Loy, fir, Sk) (2.7)
k=1

Each (1, fu, Sk) component is an individual Gaussian probability density function of the
form shown in Equation 2.2. wy is the weight associated with the k’th component. The
weight wy quantifies how much of the measured data belongs to the k’th component of
the probability distribution. In total, these weights must sum to one, and must remain

non-negative.

In MOGBM, each component k is able to describe a separate background object. For in-
stance, k = 1 may describe the sky, and & = 2 may describe a tree branch. [50] artificially
sets the number of components, K, to be between three to five. As new pixel intensity
values are measured, they are classified as either background or foreground. If classified
as background, the weight associated with the Gaussian component that best describes the
new pixel intensity value is increased. All components that do not describe a new pixel’s
intensity value have their weights decreased. The weight adjustment formula is Equation

2.8, where M, is the same as in Equations 2.5 and 2.6.

wi(t) = (1 — @) *w(t — 1) + a *x M (2.8)

If new pixel is classified as foreground, a new normal Gaussian is created, centered around
that foreground pixel’s intensity value, but is not immediately considered part of the back-
ground model. In this way, the algorithm may store a great number of separate normal
Gaussians, but only the K most likely to describe the background are used to compose the
mixture of Gaussians background model. Figure 2.7 shows a mixture of Gaussians model

with K = 3. Even though five components are stored, only the three with the greatest
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associated weights wy, shown shaded in blue, are considered part of the background model.
The figure shows how two different new pixel intensity measurements, represented by the

green and red dashed lines, would likely be classified.

Background

Foreground

Likelihood
ol e e i e i

’

1
5 Pixel Intensity 255

Figure 2.7: Classifying newly measured pixels as either foreground or background using a
mixture of Gaussians background model with K=3.

[60] improved the MOGBM theory further by allowing for a changing number of distributions
K to model each pixel. Instead of defining this number beforehand, the algorithm adapts
while running, finding the optimal number of distribution components. In theory, this allows
a background pixel to be described by a single normal Gaussian distribution, as all pixels are
in [56], which is optimal when that background pixel’s intensity remains a constant value,
as with a static background scene. In [60]’s formulation, the weights of individual Gaussian

components are updated with equation 2.9.

wp(t) = (1 —a)xwp(t — 1)+ ax My —ax*cr (2.9)

This equation is the same as 2.8, but with the addition of the —a * ¢y term. This term

allows weight wy to become negative, at which point its associated component is removed
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from the background model composition. In this way, the number of components that make
up the mixture of Gaussians probability density function background model can change over
time. ¢r = ¢/T, the ratio of previous measurements that are well defined by the component
distribution under consideration to all 7" previous measurements. wy becomes negative when
less than ¢ out of the previous T" measurements are described well by component k, at which

point component £ is removed from the background model.

The algorithm described in [60] is implemented in OpenCV as MOG2. It is widely regarded

as the best performing background modeling and subtraction method available in OpenCV.

2.1.5 OpenCV

OpenCV is an open-source library of code containing a large number of computer vision
algorithms. It is usable with the C++, Java, and Python programming languages, and is
supported on Windows, Mac OS, Linux, and other operating systems. OpenCV has been
used across many disciplines, and is used frequently in computer vision research, as its
functions are simple to used and highly optimized. All code used this this thesis was written

using Python version 3.7.1 and is compatible with the 3.4.5 version of OpenCV.

2.2 General Theory

2.2.1 Pinhole Camera Model

The pinhole camera model, seen in Figure 2.8, is the starting point for most basic analysis
involving cameras. The pinhole camera model is an idealized, yet useful, model of the

mapping between point locations in a 3D space and, having been photographed, their 2D



20 Chapter 2. Theory and Literature Review

location in the resulting image. In other words, the model is used to transform 3D world
coordinates to 2D image coordinates. Known geometrical distortions that commonly occur
with the use of camera lenses are ignored. The camera is modeled as having a single,
infinitesimal aperture through which light may pass and project onto the image plane. In
this manner, only a single ray of light may fall on any one point of the image plane. The

distance between the image plane and the aperture is defined as the focal length of the

camera, f.

aperture
(focal point)

<
=

image plane

13[qo

optical axis

&
o

Figure 2.8: The pinhole camera model.

All 3D points can be mapped to a position on the 2D image plane with the use of the
geometry of two similar right triangles. The line segments denoting the ray of light traveling
from the 3D point to the aperture, and from the aperture to the focal plane, make up the
hypotenuses of the two similar right triangles. For cameras where the image plane is behind

the focal point, the mapping is given by Equation 2.10.

Tel 2 (Ziw) | (2.10)
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Where z. and y. are positions in the image plane, X,,, Y, Z, are 3D positions in the world,
and f is the focal distance of the idealized camera. The information about the distance to
the object is lost. The negative is used because the image is flipped across both the X and
Y axes. The same geometry applies, with a sign change, to scenarios in which the image
plane is brought in front of the focal point of the camera, as it is in modern charged coupled
device (CCD) cameras. In this scenario, the image is not flipped, and the negative sign is

not required.

In a CCD camera, the image plane is made up of rectangular light sensors, each of which
correlate to a specific pixel in the resulting image. With knowledge of the number and size
of the pixel sensors in a CCD, along with the focal length of the camera/lens system, the
angular field of view of a particular camera can be determined through simple trigonometry
as seen in Figure 2.9. With n, being the number of pixels in a certain direction, and [, being
the length of each pixel in that direction, the equation for field of view is Equation 2.11.
The horizontal and vertical fields of view are solved for in the same manner, but the n, and

l, variable values may differ in the two directions.

Orov = 2 x arctan (np2>i}lp) (2.11)
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[N/ ]]]]

Figure 2.9: Angular field of view geometry using the pinhole camera model.

With this same theory, one can determine the angle between two points in world coordinates
based purely on their pixel location in the image plane. In this work, the main concern is
the angles between a object of interest and the optical axis of the camera system, which is a
line perpendicular to and intersecting the center of the image. These angles are the angular
offsets of the object. One of these angular rotations must be defined as occuring before the
other. In this work, the horizontal angle offset, 1, will be defined as occuring before the
vertical angle offset, ¢. Using the geometry of the problem as seen in Figure 2.10, we can

calculate these angles using Equations 2.12 and 2.13.

f = arctan <%) (2.12)

¢ = arctan (ﬁ) (2.13)
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Figure 2.10: Geometry of view angles to a target point in an image using the pinhole camera
model.

All distances used in these equations must be in the same units, either pixels or meters. It is
important to note that pixel sensors may not be square, and therefore may have a different

l, depending on which axis they are being measured across.

2.2.2 Camera Calibration

The pinhole camera model is not an exact representation of any modern camera, as there
are distortions induced by the hardware being used. A common type of distortion, typically
induced by photographic lenses, is radial distortion. This type of distortion is due to the
radial symmetry of the lens being used, and is much more apparent with the use of short
focal length, wide field-of-view cameras. Radial distortion causes straight lines to appear

curved, more so near the edge of the image.

Another factor to consider when using off-the-shelf cameras, is that practicality typically
limits the ability of camera components to match their specifications exactly. Like any

manufacturing process, there are error tolerances that must be accepted in the assembly of
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CCD cameras and lenses. Two specifications that often do not match the real hardware are
the focal length and the optical center of the imaging plane. These physical characteristics
are referred to as the camera’s intrinsics, and are captured in a standard matrix form as

follows:

fz 0 ¢
0 f ¢ (2.14)
0O 0 1

The optical center of the camera, (c;,c,) represents the pixel location where the image
plane is intersected by the optical axis of the camera/lens system which is, ideally, the
horizontal and vertical center of the image. This location is often offset by some amount
due to imperfection in the manufacturing process. The two focal length measurements,
f» and f,, represent the focal length of the camera/lens system in units of pixels. These
values will differ from each other when the pixels are not geometrically square. If the pixels
are square, f, = f,. Focal length is typically given in the documentation for a particular
camera/lens combination, but can vary, just like the optical center location, due to assembly

imperfections.

A camera system’s intrinsics and distortions can be measured and corrected for through
the process of camera calibration. OpenCV provides several functions allowing for camera
calibration. The process involves taking a number of images of a flat checkerboard-patterned
object. A usable pattern can be printed out and taped to a hard flat backing. The camera
calibration algorithms search for the corners of the checkerboard pattern, and, knowing that
they form straight lines in reality, can develop the corrective coefficients required to fix the
radial distortion in the images. In addition, the algorithm generates an estimate of the focal

lengths and optical center coordinates, both in pixel units, that make up the elements of the
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camera’s intrinsic matrix [59].

2.2.3 Stereo Vision

As stated previously, the distance-to-object information, or range, is lost when mapping from
world to image-plane coordinates from a single image. Therefore, from a single x and y-pixel
coordinate pair, only a set of spherical angular offsets that define a line of bearing passing
from the center of the camera to the object can be determined. With no further knowledge,
the object can exist at any distance along that line. The distance to the object can be
recovered only by combining information from two or more images, taken from different
perspectives. These two images can come from the same camera at different times and
orientations, as long as the object does not move. Alternatively, the images can come from

two different cameras at the same time.

Using two cameras to take images at the same time is known as stereo vision. The human
vision system, with its two eyes, is a stereo vision system, and is what allows a person
to estimate depth to an object. With two sets of x and y-pixel coordinates from different
camera perspectives, we can define two unit vectors 1; and 75, both pointing towards the
same object, but with separate origin points, O; and Oy. The origin points are the focal
points of each camera. The two unit vectors can be determined with the use of Equations
2.12 and 2.13. The geometry of the scenario, assuming the cameras are aligned such that

their image planes share a common plane, is shown in Figure 2.12.



26 Chapter 2. Theory and Literature Review
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Figure 2.11: Dual view geometry

Figure 2.12: Geometry of stereo vision using cameras with co-planar image planes.

In a perfectly aligned and measured system, these two vectors will intersect precisely at the
object. In reality, it is unlikely that these two vectors will intersect. The discretization of the
image into a limited number of pixels, the camera calibration coefficients, and other sources
of error cause the information to be imperfect. These non-intersecting vectors represent an
over-constrained system, where there is no true answer. See Figure 2.13a. The best that
can be done is to formulate a solution that most-closely satisfies all of the constraints. One
method is to find the least-squares solution, in which the sum of the square of the errors is

minimized.
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Figure 2.13: Geometry of stereo vision point localization.

The minimum distance p from any point p to a line defined by an origin and a unit vector,
o and n, can be solved for knowing that the line of minimum distance will intersect n at a
right angle, as seen in Figure 2.13b. The minimum Euclidean distance is solved for using

Equation 2.15.

p=V(lp—ol)?=((p—0)-(2)?=vp—0T-(p—0) = ((p—0)7-(n)>  (2.15)

With N lines, a least-squares solution can be formulated using the sum of the square of the

minimum distances from the point to each line.

N N

S = [llp—oaill)* = ((p— 0)7 - (112))?]

=1 =1

=2 _lp=a)- (p—0) = ((p = 0)"- ()" (2.16)

The goal is to find the location of p which minimizes this sum of squared distances. As with

many classical calculus optimization problems, we differentiate with respect to the dependent
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variable. Differentiating with respect to point location p, and setting equal to zero results

in Equation 2.17.

N
0= [2%(p—0) =2 ((p—0))7 - 7i;) - 7] (2.17)
i=1
This equation can be manipulated into a more convenient form.
N N
> p—o0)=>_[(;-nT) - (p— o) (2.18)
i=1 i=1
N N
> p—o0) =D [(;- 1T p) — (1A - 0)] (2.19)
i=1 i=1
N N N N
dop=D> 0= (AT p) = > (-7 0;) (2.20)
=1 =1 i=1 i=1

All of the p terms are moved to the left side, and the o; terms are moved to the right.

Z(ﬁi-ﬁﬂ.p)_Zp:Z(ﬁi.ﬁiT.oi)—Zoi (2.21)
(Z (7 - 7T — [)) P= <Z (72 - 13T — 1) - Oi]) (2.22)

Equation 2.22 is of the familiar form Ax = B, with

Az(Z(ﬁi-mT—I», B=<Z<m-ﬂf—f>-oi>, r=p

i=1 i=1
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which we can solve by inverting A. We are left with Equation 2.23, the solution to p, a three
dimensional vector representing the point closest to all lines in a least-squares sense. When

expanded fully, Equation 2.23 becomes Equation 2.24.
-1
p= <Z (i - 1T — I)) (Z [(rh; - 70,7 = T) - oi]> (2.23)

-1

Pz N 7%230 - 1 nixniy NizNiz N (7%23; - 1>0w: + (nixniy)oiy + (nwnzz)ozz

py| = |20 | sy ng, — 1 nyn. D | (ianiy)ou + (n3, — Doiy + (niyniz)os
i=1 i=1

2 NigNiz Mgy, nZ, — 1 (NizMiz)0iz + (Niyniz) oy + (3, — 1)0;,

(2.24)

2.2.4 Kalman Filters

Kalman Filters are a family of recursive state estimation algorithms used when it is infeasible
to perfectly measure the state of a system. These filters provide the optimal state estimate, in
a least-squares sense, when the measurement and process noises can be modeled as zero-mean
and Gaussian-distributed. First described in [23], the standard Kalman Filter discrete-time

system model takes the form of Equations 2.25 and 2.26.

T =F *Tp_1 + BxUp_1 + Wi (2.25)

Ze = H % T), + v, (2.26)

Z represents the state of the dynamic system, typically a vector of elements. The subscripts

k — 1 and k represent the previous and the current time steps, respectively. F' is the state
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transition matrix, describing the dynamics of the system in the absence of any input or
process noise, w. In other words, simply multiplying the state transition matrix by the state
vector at time k gives the state at time k£ + 1 if there is no controller input or noise. B is the
input matrix, relating the input, u to the state. z is the measurement, which may contain
all, some, or none of the state variables. The measurement is related to the state through
the measurement equation matrix, H, perfectly in the absence of measurement noise, v. The
two noise components, w and v, are typically assumed to be normally distributed random

variables that are independent of each other. w and v have covariances Q and R, respectively.

w ~ N(0,Q), v~ N(0,R), Cov(w,v) =0 (2.27)

Kalman filters works recursively in a two-step process, the two steps commonly referred to
as the prediction, or propagation, step and the correction step. In the prediction step, the
filter estimates the state at the next time step using information about the previous state
and control inputs. The measurement taken at the next time step will usually suggest a
different state than that predicted. The measurement and the prediction, along with the
certainty of both, are taken into account in the correction step. The two steps can be seen

in Figure 2.14.
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Measurement Update (“Correct”)
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Figure 2.14: Equations used in the recursive two step process of the Kalman filter [54]

At any time step that a measurement is unavailable, such as when the object is occluded by
another object, the filter’s predictions alone can provide an estimation of the object state.
This capability can be seen in Figure 2.15, where a rolling ball being tracked is occluded by a
bin. While occluded, the computer vision algorithm cannot make any direct measurements,
shown in green. The Kalman filter, using information from previous time steps, can continue
to make predictions, shown in red, until the object is no longer occluded, and measurements

are available again.

In tracking objects and estimating their motion in an image, the measurement is typically
a two dimensional vector whose elements are x,. and ., representing the x and y pixel
coordinates of the object, as determined by whichever computer vision algorithm is being
used. It is common to model the dynamics as linear, and to take into account only position
and velocity, even though the true dynamics of the system are likely to be different. In a two
dimensional Kalman filter of this sort, the state will be a four element vector, containing both

z. and y,., as well as the object’s velocity in both directions, v, and v,. In a Kalman filter
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Figure 2.15: Predicting the position of an occluded object using a Kalman filter.

keeping track of acceleration, a, and a, are added to the state vector. Assuming a simplified
linear dynamics model is obviously erroneous, but the benefits of the assumption outweigh
the detriments in many cases. The assumption of linearity greatly reduces the complexity
of the estimation problem. If this were not the case, the dynamics equations would have to
be linearized around the state at each time step in order to solve for the state at the next
time step. Assuming linearity eliminates this otherwise necessary calculation, improving
computation time. With these assumptions, we can also assume that there are no control
inputs, and therefore can ignore the B * @;_; term in Equation 2.25. In a measurement-
rich system such as a computer vision application where many measurements are taken per
second, these assumptions often do not lead to significant error, as the Kalman filter is

‘corrected’ by the measurement frequently.

The vectors and matrices used in the two dimensional Kalman filter tracking velocity are
shown here. The formulation found here is common throughout the computer vision litera-

ture [11], [20], [53], [46], [41].
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ze 10t 0 o2 0 0 0
Yo 010 ¢ 0 o2 0 0
Uy 0010 0 0 o2 0
v, 000 1 0 0 0 o2
T, 1000 o2 0
Yo 0100 0 o2

In the most basic implementation of the Kalman filter, these vectors and matrices are con-
stant, with the exception of the state vector. The state transition matrix can be simplified
further in computer vision applications if the time step used is one frame. The time ¢ in the
state transition matrix is then equal to one. Vectors and matrices of higher order Kalman

filter formulations can be seen in Appendix A.

2.3 Relevant Work

Many surveys on computer vision object detection and tracking are available in the literature.
Most of these surveys aim to categorize methods based on various properties, while discussing
the pros and cons of each. Background modeling and subtraction methods are typically
seen as fairly accurate while requiring very low computational resources compared to other

methods [40], and, as such, are great candidates for real-time applications.

[58] states that "... most state-of-the-art tracking methods for fixed cameras ... use back-
ground subtraction methods...” due to the ability to deal with dynamic background scenes
and the computational efficiency of the algorithms. [26], which looks specifically at com-

puter vision detection methods in use with pan/tilt/zoom cameras, agrees that in a static
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camera application, background subtraction algorithms perform very well, with MOGBM
method being one of the best. Both surveys discuss the poor performance of background
modeling and subtraction when used with a continuously moving camera, with [58] claiming
that background subtraction methods can not work at all in these circumstances. In these
type of applications, it seems best practice to work with a template matching algorithm that

does not require any history of the previous frames.

Several of the surveys, including [43], note other limitations of background subtraction meth-
ods which occur when the object is very large in the frame and/or is slow moving. In this
case, some of the object’s pixels may remain the same color/intensity long enough to convince
the algorithm that they are background. The result is that parts of the object of interest
are identified as background. sUAS are typically small and fast-moving in video, and so this

phenomenon is not considered a performance risk for the work in this thesis.

There are methods that undeniably perform better than mixture of Gaussians background
modeling and subtraction in certain scenarios, but these algorithms require either a training
period or some input from the user, and are better suited for situations where there is a very
specific object to track. This work aims to detect and track generic SUAS, which may take
many forms. As previously stated, many sources claim background subtraction methods are
not suitable for use with a moving camera, such as one on a PTU. The work described here

explores two solutions in Section 4.3.

Some researchers have developed ways to adapt background modeling and subtraction meth-
ods to situations with a moving camera, like on a PTU. [6] and [18] both attempt to apply
background subtraction methods to a moving camera video by first aligning each new frame
with the established background model, and then performing the subtraction. The frames
are aligned based on the estimated camera motion as well as feature matching. The algo-

rithms developed are computationally intensive, achieving real-time speed only in a GPU
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implementation in [6], and only at 10 Hz on very low-resolution images in [18]. [42] notes
that motion compensation is difficult and rarely accurate. This work proposes to use not
just temporal, but spatial Gaussian distributions to model each pixel. This method allows

only for small camera movements, and results in a lack of precision across the frame.

Several sources have used techniques similar to those above to develop and maintain a
background model mosaic when the camera is moving. These works aim to maintain a
background model of parts of the scene even after the camera has moved on to another view.
[24] and [3] both keep track of the movement of the camera to help stitch together moving

background scenes.

[16] attempts to augment pure tracking methods such as optical flow and mean shift with
traditional background subtraction methods on a pan-tilt camera. The study suggests that
the addition of background subtraction often lead to worse results than the tracking methods

alone.

Most of the work combining computer vision and sUAS has revolved around cameras on the
sUAS themselves. [10] uses CAMshift to detect and track simple objects moving in video
taken by a flying sUAS. [55] investigated a leader-follower scenario with two quadcoptors.
The leader is covered in several IR lights. The follower has a light-weight PTU holding an
IR sensor, by which the follower can determine the relative position and pose of the leader.
[34], [12], [37] all use computer vision on-board an sUAS, allowing it to gather information

such as its own attitude and altitude.

Recently, more work has gone into detecting and tracking sUAS from ground-based sources.
[15] recommends using various computer vision techniques as part of a system to detect and
track unauthorized sUAS entering an airspace. They recommend both ground based and

aerial cameras operating in different spectrums and with different fields of view.
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[48], [49] is actually putting this advice into practice. It combines acoustic arrays and
digital cameras to manage traffic of UAS, especially those that are non-compliant, and not
offering GPS or ADS-B information. These sensors can work together with or take the place
of RADAR and ADS-B. 6-camera hemispherical viewing sensors detect motion based on
background modeling and subtraction, then task pan/tilt cameras to track the object using
histogram of gradients matching techniques. These researchers note that RADAR is much
less effective when the object has such a small cross-section, like an SUAS does. The goal
of their project is fully autonomous UTM (unmanned traffic management). Results were

compared to ADS-B and showed good agreement.

[11] developed the theory for estimating the movement of a point in an image taken from a
camera on a PTU that would result from a combined pan and tilt operation. The theory can
be used to improve continuity of tracking of an sUAS in flight when using optical flow and
a camera that undergoes pan and tilt operations. The method was tested against data from
an indoor motion capture system, and proved to be accurate. [27] explores the possibility
of guiding an sUAS to a safe landing by sending it position information gained from the
stereo-vision capabilities of two cameras on a single PTU. In [28] the same authors extend
their work by using cameras on separate PTUs which allows for more separation between
the cameras, and therefore greater depth perception. In both cases, infrared cameras and

the Meanshift detection algorithm are used.

[44] use motion-stabilized series of images from videos to assist in matching a histogram-of-
gradients based on the object. The method out-performs some optical flow and background
subtraction methods, but requires training of both the motion stabilizing regressor and the

object classifier. One of the videos used in their test set was taken for use in this work.

The work described in this thesis attempts to put all of this knowledge to practical use in

the development and testing of a computer-vision enabled object tracking system. Several
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well-understood techniques are implemented, verified, and extended in several instances.
Additionally, some of the practical implementation issues, such as determining the correct
angle to pan the PTU when the camera is offset from the pan axis, are discussed and solutions

are developed.
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System Hardware

3.1 Cameras and Lenses

The two cameras used in this study are both Imaging Source DMK 41BU02.H USB 2.0
monochrome industrial cameras, referred to from here on out as Camera 1 and Camera 2.
These cameras use a half-inch CCD sensor with a pixel array of 1280 (horizontal) by 960
(vertical) pixels. Each pixel is 4.65 micrometers square. With each of the cameras, a Nikkon
AF-S DX NIKKOR 35mm {/1.8G lens is used, which has a documented focal length of 35
mm. The documented focal length in pixels, fp;, of this camera and lens combination can
be calculated by dividing the focal length in meters by the length of each pixel as shown in

Equation 3.1.

35¢3m,
4.65e 6

pix

Foiw = = 7526.88pizels (3.1)

If perfectly assembled, the optical center of the cameras would be be z, = 640, y. = 480.
As discussed previously, however, the optical center and the focal length of the camera/lens
system in rarely exactly as specified, but can be determined through the process of cam-
era calibration. Both camera/lens combinations were calibrated using OpenCV’s included

calibration procedures. Images from this process are shown in Figure 3.1.

38
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(c¢) Remapped image with distortions corrected.

Figure 3.1: Images from the camera calibration process. 3.1c shows the image with distor-
tions corrected for. Not all pixels in the corrected image have a pixel mapped to them from
the original image, hence the missing pixels around the edges.

Calibration was performed ten times for each camera/lens combination, using an average of
50 images each time. The resulting camera intrinsic matrix values were averaged, and are
shown in Table 3.1. Optical center values varied greatly from calibration test to test, and
were deemed untrustworthy. For this study, optical center values of x. = 640, y. = 480 are
used for both cameras. Focal length values resulting from the calibrations were much more

consistent, and were deemed trustworthy. Camera calibration provides two measures of focal
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distance, f, and f,, since pixel size can vary in the x and y direction. In this case, all pixels
are square, and therefore, f, = f,. For each camera, we average the provided f, and f, to
attain a single f. Camera 1’s focal length in pixels is then 7088.5 and camera 2’s focal length

in pixels is 7189.8.

Table 3.1: Averaged camera calibration results.

Parameter Camera/Lens 1 Cameras/Lens 2

Co 538.7 633.7
¢ 448.3 454.5
fo 7089.4 7167.7
£, 7087.6 7211.9

Radial distortions are present, but are very small. To correct for these distortions, the
algorithm maps pixels from the original image into their new positions in the corrected
image, essentially 'squeezing’ the image. In Figure 3.1c, the pixels colored black, most visible
around the upper right corner of the image, did not have values mapped to them from the
original image. The mapping is not one-to-one due to the discretization of the image into
pixels. The strips of the image left empty are only several pixels in width. Therefore, the
radial distortions of this system are judged to be too small to have an appreciable effect,

and so will be ignored for this work.

3.2 Pan Tilt Unit

The Pan/Tilt Unit (PTU) used in this work is a Directed Perception (now FLIR) PTU-D300.

The specifications for this model can be seen in Table 3.2.
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Table 3.2: Pan Tilt Unit PTU-D300 Specifications.

Property Pan Tilt

Maximum Speed 50°/s 50°/s
Position Resolution 0.00625° 0.00625°
Minimum Position -168° -90°

Maximum Position 168° 30°

The pan-tilt unit is commanded and queried via serial communication. Strings of ASCII
characters are converted to their binary equivalent and sent to the pan-tilt unit through a
USB COM port. The available commands and queries, as well as the correct syntax for
communicating with the pan-tilt unit, can be found in the Command Reference Manual
provided by FLIR [19]. For ease of use in this and future work, a Python function class was
created that contains all of the relevant commands and queries. The function class can be

imported like any other Python class into a custom script.

3.3 Computer

All work has been done on a Samsung personal laptop with an Intel i7-8550U CPU @
1.80Ghz. All code has been developed in the Python programming language and relies heav-
ily on the OpenCV library. This library is widely used in the computer vision community,
as it contains many of the most-used algorithms and is well-optimized. It is important to
note that algorithm frame rates discussed in this work are only meaningful in comparison
to other frame rates in this work, as any use of a different computer will produce different

results.
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3.4 Machined Parts

Several parts for mounting the cameras to the PTU were designed and machined. These
parts serve two functions. First, they raise the cameras up such that the optical center of the
cameras are in line with the tilt axis of the PTU, therefore eliminating the error caused by
the offset that would otherwise exist. Second, they separate the cameras further from each
other than possible via direct mounting to the PTU, increasing depth perception capabilities

with stereo vision. Mechanical drawings of the machined parts are shown in Appendix D.

3.5 Tracking System Setup Setup

A photo of the complete tracking system, including the PTU, the cameras/lenses, and laptop
can be seen in Figure 3.2. Camera 1 is mounted on the left arm of the PTU, while Camera 2 is
mounted on the right. Not pictured is the DC power supply that powers the PTU. The PTU
is mounted to a thick wooden board, with handles attached for easier lifting and carrying.
The full system can be transported on the cart shown in Figure 3.2, but cannot be operated
on it. This is due to the lack of stiffness of the cart. When the PTU is commanded to move,
the cart is not rigid enough to stay stationary, and continues to shake after the PTU is
finished moving. During this shaking, the scene in the cameras’ views are moving, rendering
background modeling and subtraction methods unusable. For operation, the wooden board
is removed from the cart, and placed on either a very stiff table or the ground. In such a
configuration, the weight of the PTU and the wooden board are enough to keep the system

in place during PTU movement.
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Figure 3.2: Full tracking system setup showing laptop, PTU, cameras, lenses, and cart.

Ideally, the two cameras would take images simultaneously. This is impossible, however,
without the use of parallel processing. A simpler method is to take an image with the
second camera as quickly as possible after taking it with the first camera. In order to test
the viability of this method, the cameras were tasked to take images, one after the other, as
fast as possible. Time, as judged by the CPU clock, was recorded immediately before the
first camera take an image, and immediately after the second camera takes an image. Both
images are guaranteed to be taken within the two recorded times. Over 1939 pairs of images
taken, the average difference between these two recorded times was 2.564 milliseconds, with
a standard deviation of 0.677 milliseconds. For this work, this time was considered small

enough to ignore, and to assume that the cameras take images simultaneously.



44 Chapter 3. System Hardware

3.6 sUAS Truth Data

The sUAS used to generate truth data and validate the tracking system is custom built
and based on the DJI Flame Wheel F550 model frame. The sUAS is equipped with a 3DR
uBlox GPS kit that provides geodetic latitude, longitude, and altitude. This GPS location
information can be continuously transmitted over a wireless network, and read into a Python

script on demand.

Given two sets of geodetic LLA’s, relative Cartesian distances in a local East-North-Up
(ENU) frame, centered at the one of the two sets of LLA’s, which will be called the origin, can
be derived. First, both sets of LLA’s are converted to Earth-Centered Earth-Fixed (ECEF)
position vectors. The conversions from geodetic LLA to ECEF are shown in Equation 3.2,
[4], where Rp is the equatorial radius of the Earth, and eg is a measure of the eccentricity
of the Earth. Rg = 6,378,137 meters and eg = 0.08181979099211309. The ECEF vector
pointing from the origin to the other location, the target location, can then be calculated
as the difference between the ECEF position vectors of the target and the origin, as seen in

Equation 3.4.

XECEF (Ne + hair) cos(@rar) cos(Aiong)
FECEF = YECEF = (Ne + halt) COS(¢lat) Sin()\long) (32)
ZECEF ((1 - 6%)NE + halt) Sin(¢lat)
R,
Ng = - (3.3)
VI (&) sin(9ra)?)
_Pointin _Targe _Origin
TECEtF ! = TEC]?J; — Tpenr (3.4)



3.6. sUAS Truth Data 45

What is left is to express this pointing vector, from the origin to the target, in the local ENU
frame based on the position of the origin. This is done via multiplication with a rotation

matrix as shown in Equation 3.5. The ¢, and \jong used are those of the origin’s location.

— sin(rong) c0s(Aiong) 0

TENU = | — sin(dar) c08(Nong)  — SIn(@rar) SIN(Niong)  €0S(Prar) | TECEF (3.5)

COS<¢lat) COS()\long) COS(¢lat) Sin(/\long) Sin(gblat)

GPS precision of the sSUAS’s unit was tested by placing the SUAS in three measured locations
and reading the transmitted location data for some interval of time. The first location was
considered as the origin point for this experiment. The sUAS was placed on the ground here,
and data was recorded for 50 seconds at 20 Hz, for a total of 1000 measurement points. The
sUAS was then moved to the second location, which was a point measured to be 10 meters
North of the first location. Data was again recorded for 50 seconds at 20 Hz. The third
location was 10 meters West of the second location, at which the same number of data points
was recorded at the same sampling rate. This same process of sampling at three locations
was repeated a second time. The process was repeated a third time, but with a change in
the sampling rate. During the third round of testing, 1000 data points were recorded at 4

Hz over the course of 250 seconds.

The average latitude, longitude, and altitude of the data sampled during the first round of
testing at the first location was used as the origin of the ENU coordinate frame into which
the rest of the recorded LLA data was transformed. Figures 3.3 and 3.4 show the sampled

data.
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Figure 3.3: X and Y data from testing of GPS unit on sUAS.
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Figure 3.4: Z data from testing of GPS unit on sUAS.
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The sampled data was analyzed, and mean errors, along with standard deviations, were
calculated, and are shown in Table 3.3. The data was analyzed separately for each location
and test, then with all tests combined, and finally as a whole. The errors were calculated as
the difference between the ENU location the sUAS was placed at and the location as given
by the GPS unit. To calculate the standard deviations for all tests at all locations combined,
the data sets were first normalized around the ’true’ locations. As such, they are effectively

the standard deviations of the errors.

Table 3.3: GPS precision test results.

Location Test Mean Error [m] Standard Deviation [m)]
X Y Z X Y y/

(0,0) 1 039 1.617 0.085 0483 1.934 0.101
(0,0) 2 0993 3.285 1.795 0450 0.829  0.201
(0,0) 3 0937 2945 2.657 0.471 0.850  0.230
(0,10) 10729 1830 0.381 0.491 0.394  0.057
(0,10) 2 0489 3.223 1.608 0.387 0.468  0.040
(0,10) 3 0633 3.448 2.090 0.492 1.390  0.317
(—10, 10) 1 1.492 1.246 0.684 0.187 0.462 0.089
(—10,10) 2 0.270 3.192 1.612 0.304 0.276 0.130
(—=10,10) 3  0.862 2.875 0.803 0.979 0.846  0.172
(0,0) All 0.782 2576 1.511 0.912 2.008 1.126
(0,10) All 0.617 2.834 1.360 0.476 1.132 0.744
(-10,10) Al 0.875 2438 1.033 0915 1.031  0.434
All All  0.758 2616 1.301 0.795 1.456  0.818




Chapter 4

Tracking Algorithm

4.1 Tracking in a Static Frame

4.1.1 Static Camera Test Video Data Set

For the purpose of initial vision-algorithm testing and parameter tuning, a set of five test
videos was assembled. Four of these videos were custom-created for this study, while the
fifth was taken from the test set of videos used in [44]. These five videos were created and
selected for their applicability to this study. Four of the five videos contain a copter-style
sUAS as the object of interest, while the fifth contains a bouncing ball. The bouncing
ball video was included to ensure the algorithm developed did not lose generality. This
work intended to develop algorithms capable of tracking any moving object, although the
envisioned application is for sSUAS. When tracking sUAS, it will be important to identify any
other flying objects, such as birds, that may enter the environment. The videos included in

the test set are of varying pixel resolution and length in frames.

Table 4.1 below describes each of the videos in the test set. Some of the test videos include
moving objects other than the object of interest. Their movements are much less in mag-
nitude than that of the intended objects’, but provide an interesting challenge nonetheless.
The videos comprising the test set aim to cover the range of scenarios and conditions that

the tracking system is expected to work in.
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Table 4.1: Test video data set for 2D tracker testing.

Video Object Resolution Frames Description

1 Hexacoptor  1280x720 303 Object moves side to side, towards and
away from camera

2 Quadcoptor  640x480 303 Object moves erratically, leaving and
re-entering frame

3 Quadcoptor  1280x960 175 Object begins above skyline, dips below
it, then rises above it

4 Quadcoptor  1280x960 250 Object moves side to side, is very
small in frame

) Ball 1280x720 290 Object bounces, then rolls

Code was developed that allowed for the selecting of the object location frame-by-frame in
each video. At each frame, the pixel coordinates of the center of mass of the object, as
perceived by the user, was manually selected if it was present in the frame. These frame-by-
frame pixel coordinates, along with a binary flag indicating the object’s presence or absence,
make up the ground truth for each test video. Accuracy of subsequently developed tracking

algorithms are compared to these ground-truth sets and scored in two ways.

The first measure of accuracy for the developed tracking algorithms was a simple root mean
square error (RMSE) in pixel location. At each frame where the algorithm determines the
location of the object and ground-truth object location exists, the error can be determined

with a simple as shown in Equation 4.1.

RMSE = +/(z; — )2 + (g — y)? (4.1)
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Here, x; and g, are the ground-truth x and y pixel coordinates of the object, and x and y are
the x and y pixel coordinates the algorithm estimates the object to be at. Each algorithm is
given a final RMSE value by averaging the errors for each frame in a given video over that

entire video, and then averaging those results for each video.

The second measure of accuracy for each algorithm is the false negative (FN) and false
positive (FP) count. A false negative occurs when the algorithm fails to find an object of
interest in an image when the ground-truth indicates one exists. A false positive is the
opposite, and occurs when the algorithm determines the object exists in an frame, when it
in fact does not. It was expected that false positives would occur with some regularity when
testing, due to the moving objects that were not the intended object in some of the videos,

as mentioned before.

An example of measured test data points compared to the associated truth data is shown in

Figure 4.1.
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Figure 4.1: Example X and Y pixel location data of object in video, truth vs. measured.
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4.1.2 Initial Algorithm Selection/Verification

Although many sources indicate that the algorithm described in [60] is the best that openCV
has to offer with regards to background subtraction methods, this needed to be verified.
Five separate background modeling and subtraction algorithms implemented in openCV
were compared. These five algorithms are named in OpenCV as KNN, CNT, GMG, MOG,
and MOG2. They are each briefly described here. It should be noted that all five of the
algorithms tested simply classify pixels as foreground or background, and that the location
of an object is determined as the centroid of the foreground pixels remaining after post-

processing.

KNN (K-Nearest Neighbors): Algorithm described in [61], similar to [60], but with

K-Nearest Neighbors method used for kernel density estimation.

o CONT (CouNT): A method that relies on the ‘stability’ of a pixel in order to distinguish
it as background or foreground, created seemingly as a personal project, and available

in [36].

« GMG: (Godbehere, Matsukawa, Goldberg) Another take on the mixture of Gaussians
background modeling using a bank of Kalman filters and matching algorithms to dis-

tinguish separate objects, developed in [13].

« MOG (Mixtures of Gaussians): The improved algorithm of [50] as suggested by [22],
where the update equations for the background model are reformulated for improved

learning.

o« MOG2 (Mixtures of Gaussians 2): Algorithm described in [60], where the algorithm
decides for itself how many components to include in each Gaussian mixture model,

and considered the best of what OpenCV has to offer for background subtraction.
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These algorithms were tested and compared for accuracy using the performance metrics
described above. In addition, the speed of the algorithms were recorded in frames-per-
second. Each of the five algorithms have between two and three settable parameters that
define the behavior of the algorithm. These were varied to ensure a fair comparison between
the algorithms. Additionally, the algorithms were tested with three separate combinations

of pre and post processing parameters.

Out of all of the runs of a particular algorithm, the five runs with the lowest RMSE were
selected. Second, the five runs with the lowest sum of FP and FN were selected. In the
event that there was a tie between runs for either of these criteria, the run with the highest

FPS was selected. The results of these selected runs were averaged, and the averaged MSE,

FP, FN, and FPS are displayed in Table 4.2.

Table 4.2: Comparison of OpenCV background subtraction methods. Methods are ranked
by their RMSE and their FP+FN count. For both metrics, lower is better.

Lowest RMSE Lowest FP+FN

Algorithm RMSE  FP FN  FPS | Algorithm RMSE FP FN FPS

MOG 6.79 0.0 2674 2522 | KNN 17.00 24.8 0.0 14.66
MOG2 921 182 59.2 1798 | MOG2 10.43 220 4.0 17.18
KNN 12.17 3.0 234.8 14.36 | CNT 33.94 314 16.0 11.31
GMG 1726 7.0 4624 11.83 | GMG 88.22 26.6 824 948
CNT 2544 9.0 249.6 17.31 | MOG 2390 0.0 834 14.71

In the lowest RMSE comparison, shown in the left half of the table, only MOG performed
better than MOG2, but with a very large FN count. This would indicate that the algorithm

is being overly ‘cautious’ in its determination of the presence of an object of interest. In the
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lowest FP+FN count comparison, KNN slightly outperformed MOG2, but at the expense of
RMSE. In the lowest FP+FN comparison, maintained a low RMSE, comparable to its score
in the lowest RMSE comparison. All other algorithms suffered a large increase in RMSE
to achieve their lowest FP4+FN scores. These results confirmed the superior performance of

MOG?2 over the other background subtraction algorithms in OpenCV.

4.1.3 MOG2 Optimization

The MOG?2 algorithm in OpenCV has three parameters that can be set to change the be-

havior. These parameters are described here.

o Shadow Detection: Determines whether or not the background subtractor will include
an objects shadow in its output. If set to "True’, the subtractor will output shadow
pixels as grey. This study is not interested in shadow detection, and so this parameter

will be set to "False!

o Learning Rate: Determines how fast the background model is updated when given
new information. The default value is -1, which allows the algorithm to automatically

select the learning rate .

o Variance Threshold: Sets the threshold distance a new pixel intensity must be away
from an existing Gaussian distribution component in order to be considered part of a
new distribution. Larger threshold values allows for more variation in lighting without

identifying objects.

In the overall vision algorithm developed that includes the MOG2 background subtractor,
there are five parameters that define pre- and post-processing of the incoming frames. These

parameters are listed and described here.
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e Gaussian Blur Kernel Size: The size of the matrix kernel that will be used to blur the

new image before it is passed to the background subtractor.

o Morphological Transform Kernel Size: The size of the matrix kernel that will be used

to perform morphological operations on the output from the background subtractor.

e Open Iterations: How many iterations of the 'Open’ morphological operation that

should be performed.

o Close Iterations: How many iterations of the 'Close’ morphological operation that

should be performed.

« Standard Deviation Exclusion Bound: Defines the number of standard deviations away

from the centroid of the blob remaining that pixels beyond will be removed.

The effects of each of these pre- and post-processing steps, in addition to the actual back-
ground subtraction step, can be visualized in Figure 4.2. Fach of these pre- and post-
processing steps, with the exception of the ’standard deviation filter,” is commonplace in
the computer vision object detection field. The unique order of the steps, however, was
developed specifically for this work. For a first round of testing, three levels to test were
chosen for each of the parameters varied, centered around the default value when possible.

The values chosen for testing are shown in Table 4.3.
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(a) Original frame (b) After Gaussian blurring

(c¢) Background subtractor output (d) After morphological operations

N -

Pixel Location: 513, 74

(e) Standard deviation filter (f) Results on original frame

Figure 4.2: Visualization of the the 2D tracker algorithm steps. The determined pixel
location of the target is the centroid of the white pixels in 4.2e.
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Table 4.3: Parameters and selected levels for first round of MOG2 testing.

Parameter Level 1 Level 2 Level 3
Learning Rate -1 .01 A
Variance Threshold 8 16 24
Gaussian Kernel Size 5x5 <7 9x9
Morphological Kernel Size 3x3 9XH =7
Open Iterations 1 2 3
Close Iterations 1 2 3
Standard Deviation Threshold 1 2 None

A full factorial test with a total of 2,187 runs was completed. Here, full factorial means
that every combination of parameter levels is tested. Results for MSE, FP, and FN varied
widely based on the combination of parameter levels. The results were analyzed in Minitab
software, which provides a useful suite of statistical analysis and visualization tools [35].
Main effects plots resulting from the analysis done in Minitab are shown in Figure 4.3. A
main effects plot shows the effect of a parameter on a result, averaged across all levels of

other parameters.

As an indicator of which scoring metrics the optimization should focus on improving, the
minimum and maximum scoring metrics across all test runs was found, and can be seen in
Table 4.4. The maximum false positives count was 32, which can be considered low, with
not much improvement possible. The maximum RMSE and FN, however, at 131.29 and
1093, respectively, were much higher. Compared to their respective minimum values of 7.95
and 0, it is clear these can be improved. Therefore, it was determined that the main results

which needed to be optimized for were MSE and FN. Looking at the main effects plots in
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Figure 4.3, it can be seen that these two results correlate similarly to the selected parameter
values for almost all of the parameters. It seems that the parameters with the largest effects

on MSE and FN are the Learning Rate, the Morphological Operations Kernel Size, and the

number of Open Iterations.
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Figure 4.3: Main effects analysis plots from Minitab for 2D tracker parameters. A main

effects plot shows the effect of a parameter on a result, averaged across all levels of other
parameters.
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Table 4.4: Minimum and maximum RMSE, FP, and FN results from first round of MOG2
testing.

RMSE FP FN

Min  7.95 1 0
Max 131.29 32 1093

Another full factorial study was performed, but with fewer parameters varied, based on the
results of the first study. From the first study, it was clear that the learning rate should
be set to -1, the morphological kernel size should be set to 3x3, and the Gaussian blurring
kernel size should be set to 9x9. The other parameters did not have clear best performing
values. In the second study, the other parameters were varied as seen in Table 4.5. The final

selected parameter levels are shown in Table 4.6.

Table 4.5: Parameters and selected levels for second round of MOG2 testing.

Parameter Level 1 Level 2 Level 3
Learning Rate -1 N/A N/A
Variance Threshold 12 16 18
Gaussian Kernel Size 9x9 N/A N/A
Morphological Kernel Size 3x3 N/A N/A
Open Iterations 1 2 N/A
Close Iterations 1 2 3

Standard Deviation Threshold D 1 1.5
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Table 4.6: Optimized parameter levels for MOG2.

Parameter Optimum Values
Learning Rate -1 (Automatic)

Variance Threshold 16

Gaussian Blur Kernel Size 9x9

Morphological Kernel Size 3x3
Open Operations 1
Close Operations 3
Standard Deviation Filter 1

These finalized parameter levels result in a RMSE of 8.32 pixels, a FP count of 19, and
a FN count of 4. With the total number of frames being 1,321, these FP and FN counts
equate to a .01438 and .00302 FP and FN ratio, respectively. It should be noted that it
may be possible to implement on-line adaptation of parameter levels that could result in
better performance across a range of tracking scenarios. Distance to target, environmental
conditions, and other variables could influence the optimum parameter levels both for pre-
and post-processing, and for the MOG2 background subtractor itself. This work aimed to
have one solution for all tracking scenarios, and, as such, the parameter levels determined

above are kept constant throughout the rest of the research.

4.1.4 2D Kalman Filter Implementation

No matter the amount of parameter tuning and image processing, there will always be some
inaccuracy in the tracking of objects using computer vision, as proved by the non-zero RMSE

of even the best performing combination of parameters. The Kalman filter, as described in
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Section 2.2.4, can help correct for some of the inaccuracy inherent in the system.

It was noticed during initial testing that across almost all combinations of 02 and o2 tested,
the acceleration model Kalman filter performed better, if only slightly, than the variant
considering only velocity, in terms of RMSE. It seemed worth investigating how higher order
Kalman filters would perform. If accounting for acceleration, the time derivative of velocity,
provided a better assumption for the model, maybe higher order derivative would be superior.
Formulations of the Kalman filter considering jerk, the time derivative of acceleration, and
snap, the time derivative of jerk, were developed, implemented, and tested. The components
of these formulations, along with those considering acceleration, are shown in Appendix A.
These Kalman filters were implemented alongside the MOG2 algorithm that was being tested
in the previous section. Every frame, the Kalman filter predicts where it expects the center
of the object to be, based on the state of the last frame. If an object is detected by the
vision algorithm, the measurement is passed to the Kalman filter, and the correction step
takes place. The output of the correction step, which is a state vector, takes into account
both the Kalman filter’s prediction and the vision algorithm’s measurement, and hopefully

provides a more accurate answer than either of the two alone.

So, in testing, the x and y pixel positions of the object provided by the correction step, or
the prediction step if there was no measurement, is compared to the ground truth data of
the test video set. In using the Kalman filter for this work, there were only two parameters
for the user to vary. These are 02 and o2, the values that comprise the diagonal elements
of the process and measurement noise covariance matrices, respectively. Values of .01, .1, 1,

and 10 for both 02 and o2 were tested, for a total of 16 runs.
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Table 4.7: Initial Kalman Filter Results: RMSE [pixels| for velocity, acceleration, jerk, and
snap formulations, resulting from different combinations of o2 and 2.

o? o2 Vel  Acc Jerk Snap

0.01 001 772 761 843 7.71
0.01 0.10 865 820 807 7.85
0.01 1.00 11.67 9.27 11.13 10.19
0.01 10.00 20.05 11.90 11.76  9.37
0.10 0.01 746 743 747 7.34
0.10 0.10 772 761 7.66 7.43
0.10 1.00 865 820 8.02 7.68
0.10 10.00 11.67 9.27 13.28 11.04
1.00 0.01 746 744 752 740
1.00 0.10 746 743 815 7.55
1.00 1.00 772 761 T7.66 7.42
1.00 10.00 8.65 820 1141 7.72
10.00 0.01 746 743 737 7.26
10.00 0.10 746 744 746 7.31
10.00 1.00 746 743 751 T7.72
10.00 10.00 7.72 7.61 8.61 &8.31

These trials showed that no combination of o2 and o2, with any of the Kalman filter types,
provided a massive increase in accuracy, as measured by RMSE, over that of the MOG2
background subtraction algorithm alone. The Kalman filter is not being used to simply
increase the accuracy of the current frame position estimation, however. When the object

has moved some distance away from the center of the image, the PTU will be commanded



62 Chapter 4. Tracking Algorithm

to move. The PTU will take some amount of time to move, and during that time, the object
may still be moving. The goal, therefore, is to command the PTU to aim at where the object
will be when the PTU stops moving, not when it starts. In order to do this, we predict the
object’s position several frames in the future. This is the more important function of the
two dimensional Kalman filter in this work. Additionally, the Kalman filter’s predictions are

helpful if the object is ever occluded and measurements are not available.

Code was developed to test the predictive capabilities of the Kalman filters. The code is
similar to the initial Kalman filter testing code, in that it goes through each test video
frame by frame, applying the MOG2 algorithm to take measurements, and completing the
prediction and correction steps of the Kalman filter. Now, however, at each frame 7, the
Kalman filter is asked to predict the object’s position for the next five frames, 1 4+ 1 to i + 5,
without any measurement input. These predictions are the Kalman filter’s estimation of the
location of the object in each of the next five frames, (z7(1),y(1)) through (z}(5),45(5)).
These five predicted locations can then be compared to the truth data for the next five
frames, (x{7(0),y;7(0)) through (z}*°(0),%7°(0)), and a RMSE can be calculated for each,
as shown in Equation 4.2. In addition, the truth data locations for the five subsequent frames
will be compared to the corrected measurement from the frame the Kalman filter will start

predicting from, (z%(0),%%(0)). The prediction process can be visualized in Figure 4.4

Cc

Frame i

AR

(@0, 3,0))] ((25,(0),4:,(0)

(22(0), 4:(0))

Figure 4.4: Visualization of Kalman filter prediction generation process in the absence of
measurements.
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(4.2)

RMSE’s for a given Kalman filter configuration across all videos will be averaged for each of

the number of predicted steps. Therefore, each Kalman filter configuration tested will result

in eleven total averaged RMSE scores. An example results tables from one round of testing

can be seen in Table 4.8

Table 4.8: Kalman filter prediction testing with o2 = 02 = 1, RMSE results. The Pred’
column shows the RMSE of the predicted positions up to five frames in the future. The 'No
Pred.” shows the RMSE that occurs when using the corrected position from a frame as the
predictions for the next five frames.

Velocity Accel. Jerk Snap
Frame | Pred. No Pred. | Pred. No Pred. | Pred. No Pred. | Pred. No Pred.
i=0 N/A 7.72 N/A 7.61 N/A 7.57 N/A 7.42
i=1 10.87 12.55 13.32 12.38 18.36 12.31 23.79 12.24
i=2 15.09 18.75 22.68 18.55 38.78 18.46 59.96 18.48
i=3 19.49 25.17 34.91 24.97 69.86 24.89 126.54 24.94
i=4 | 23.79 31.41 49.27 31.21 113.27 31.12 233.81 31.19
i=5 28.51 37.39 66.35 37.20 173.05 37.12 394.08 37.26

We can see from this table that when using the velocity Kalman filter, it is more accurate

to use the predited position of the object, all the way through five frames ahead, then to

use the corrected position of the filter from the initial frame. The same is not true for any
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of the other Kalman filter formulations, however. Using the acceleration Kalman filter, or
one of higher order, the predicted positions, even for one frame in the future, have a greater
RMSE then the corrected position from the initial, zero-th frame. In these cases, it is more
accurate to use the corrected position from the initial frame as our predicted position of the
object in the next five frames then it is to use the Kalman filter’s predicted positions. Other
combinations of 02 and o2 values give similar results. It is thought that the errors associated
with incorrectly estimating any of the time derivatives are propagated through and increased
with every prediction. The higher order Kalman filter formulations are causing the errors to

increase at exponentially greater rates.

4.2 Commanding the PTU

4.2.1 Prediction Steps Determination

The number of steps to predict ahead can be determined using the bounding box size, the
current frame rate of the algorithm, and the time to slew calculations discussed in Section3.2.
The bounding box is the region of the camera’s view in which we want to keep the sUAS.
A typical bounding box size will be half of the size of the camera’s view. With our cameras
having a 1280x960 pixel view, the bounding box will be 640x480 pixels. With this bounding
box centered in the frame, the furthest the PTU will have to pan or tilt will be to half of
the bounding box’s width, which is 320 pixels. Using the equations from Section 2.2.1, and
the focal lengths determined using camera calibration, it can be determined that this would

require a panning operation of 2.58 degrees.

With the PTU’s base speed and operational/object speed both set to the maximum of 50

deg/sec, this slew operation will take .0517 seconds. Assuming a frame rate of 15 fps, this
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slew time translates to .775 frames, less than one frame. This result suggests that when the
object is leaving the bounding box in frame, we should have to predict no more than one

frame ahead when deciding where to command the PTU.

4.2.2 Pan Angle Error Due to Camera Offset and Correction

Using the pixel coordinates of the object in the image, we are able to determine the angular
position of the object relative to the optical axis of the camera. However, unless the optical
center of the camera is aligned with the pan and tilt axes of the PTU, we can not use
these angles directly to command the PTU. The machined parts discussed earlier align the
camera’s optical center with the tilt axis, but the cameras are placed .325247 meters offset
from the pan axis. The geometry of this setup, and the angular error n that would be induced
from directly using the angles to command the PTU, can be visualized in Figure 4.5. All
PTU movements in this work are based on measurements taken from camera 1, positioned

to the left of the center of the PTU.
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Figure 4.5: Geometry of error due to camera’s offset from PTU’s pan axis.

The point T is the object we wish to aim at, point O is the pan axis of the PTU, and

point C'is the location of the camera after panning by angle 6, which is the angle that the
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object appears to be from the initial camera position, point E. 6" is the co-angle of 6. The
resulting pointing error depends both on the distance to the object and the total pan angle.
The angular error, €, and horizontal pixel coordinate error, ey, can be predicted using the

following equations.

TA=1=dx*tan|d| DC =1+ (L — Lcos|]) TD =d+ Lsin|d|

¢ = arctan( 9’2%—9 e=|p—10]

olel

€piz = fpix * tane (4.3)

The equations above are valid when the object is ‘to the left’ in the cameras view. The
equations change slightly when the object is ‘to the right’, as the camera will move closer to

the object in both axes. The two equations that change are shown here.

DC =1— (L — Lcos|f|) TD =d— Lsin|0|

The error that would occur for various distances to object and pan angles are calculated
using the above equations and shown in Figure 4.6. In this figure, negative pan angles
indicate the PTU panning 'to the left,” or counter-clockwise. After either counter-clockwise
or clockwise panning, the camera pointing error will be 'to the left’ of the target. These

errors were considered too small to be of concern.

For a larger offset, larger pan angle, or closer object of interest, these errors could increase to
a significant level. The correct pan angle can be solved for via the geometry of the scenario,

as viewed in Figure 4.7, where L is the camera offset from the pan axis of the PTU. Therefore,
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Figure 4.6: Pointing error after panning due to camera offset.

the camera is constrained to moving on a circle of radius L with center at point O, the pan
axis of the PTU. The angle € is the angular pointing error that results when the PTU pans
by angle 6, which is the angle offset that the camera initially sees the object, represented by

the yellow dot.

The pan angle required to correctly point the camera at the object is 1, which can be found
by first solving for angles ¢ and &, and subtracting the one from the other. Again, there
are slight differences when the object is ‘to the right” of the camera, and the PTU must pan

clockwise.

D
§:arctan(D—O) TD=AE=d DO =dxtan(0)+ L =1+ L
CO
¢ = arccos(ﬁ) CO=L TO=+TD?+DO?=/d?>+ (I + L)?

Yp=¢-¢
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Figure 4.7: Geometry of camera offset and solving for correct pan angle.

4.3 'Tracking in a Moving Frame

The algorithm discussed in previous sections is able to detect and track a moving target in
a static scene. The background modeling and subtraction method used relies on a mostly
constant background scene. When the target moves close to the edge of the camera’s view,
however, the PTU is commanded to move. While the PTU is moving, the entire scene in
the camera’s view is changing. If the background subtraction algorithm is run continuously

through this movement, it will classify everything in frame as a moving target.

One solution to this problem is to end the background subtraction algorithm during the
movement of the PTU, and to reinitialize the background model once the PTU has stopped
moving. This can be accomplished by continuously querying the PTU’s speed, and re-
initializing the background subtractor model once both current pan and current tilt speeds
are zero. Once reinitialized, it takes 4 to 5 frames for the algorithm to model the background
scene sufficiently and to start detecting moving objects. As long as the target does not move

out of view of the camera in those 4 to 5 frames, this method works well. If the target is
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moving very quickly relative to the camera’s frame rate, those 4 to 5 frames may be long

enough for the target to leave the view.

Two methods of maintaining track of the target during and immediately after PTU move-
ment are explored. The two methods are template feature matching and the optical flow

background estimation developed in [11].

4.3.1 Template Feature Matching

The template feature matching method explored here involves taking features from a known
image, or template, of the target and attempting to match them to features in a new image.
If enough of the features from the template are successfully matched to features in a new
image, it can be assumed that those features in the new image belong to the target. In this
work, the template will come from the image immediately preceding PTU movement, and
its features will be searched for in the following frames, until the PTU has stopped moving,

and background modeling and subtraction methods can successfully detect the target again.

A template can be created by defining a rectangular region of interest (ROI) that encom-
passes the target. When the target moves close to the edge of the camera’s field of view, and
before the PTU is commanded to move, the targets location and approximate size in-image
is known from the background modeling and subtraction algorithm. A rectangular box is
drawn centered on the target, with width and height defined by the size of the target’s blob,
as seen in Figure 4.2¢, plus a buffer in each direction. In this study, the buffer size is one of
the parameters varied. The section of the image inside this rectangle is removed and saved

as a separate image to be used as the matching template.

Feature detection and description, as described in Section 2.1.2, is performed on this template

image. Feature detection and description is then performed on the proceeding frames. Each
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new frame’s features are matched to the features from the template. Because the template
is composed mostly of the target, any feature in the new frame that matches a feature in
the template is likely to be part of the target. The mean location of these matched features

in the new frame can be used as the estimate of the target’s location.

Figure 4.9: Matching features from the template to the new frame.

OpenCV includes a number of feature finding, describing, and matching algorithms, several
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of which are patented. ORB (Oriented FAST and Rotated BRIEF), developed in [45], is
a free-to-use alternative, and is what is used in the Template Feature Matching method
described above. Claimed to be somewhat scale and rotation invariant, ORB finds features
using the FAST (Features from Accelerated Segment Test) method. FAST analyzes a circle
of pixels surrounding a potential feature point. If that circle of pixels contains a continuous
chain of pixels above or below a certain intensity threshold, the center point is determined
to be a corner, and therefore a feature worthy of description and matching. This method
is shown in Figure 4.10. ORB uses the BRIEF (Binary Robust Independent Elementary
Features) method of feature descriptions, which assigns binary string descriptors to a feature
based on the relative intensity of pairs of surrounding pixels. These string descriptors are
matched between images via brute force search using the Hamming distance as a measure

of similarity.

Figure 4.10: FAST method of corner detection looks for a continuous arc of pixels with
relatively high or low intensity relative to the rest of the circle of pixels [59].

4.3.2 Optical Flow Background Estimation

The theory and process behind optical flow background estimation were developed in [11],
and rely on Equations 4.4 and 4.5. These equations take the position of a point in an image,

and predict that point’s position in the next image, given the pan and tilt rotation angles of
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the camera between the two images. The distance and direction of movement of a point in

an image are known as the point’s optical flow.

N T — f * tan 1/Jk
Tpyr = [ = (4.4)
T * tan iy, * cos Oy — yy, * COSpS’;k + f x cos Oy
R g * sin ¢y, * tan O + yr — f * cos Yy * tan Oy
Uks1 = [ * . (4.5)
T *siny, — yp *x tan by + f * cosyy

When the PTU moves, points in the image belonging to the background should behave
according to these formula, and therefore fall within a specified bounds of their predicted
location in the new image. Points belonging to a moving foreground object will not match
their predicted locations, falling outside the specified pixel bounding radius, and can be
identified as foreground. This process is visualized in Figure 4.11, where the points belonging

to the sUAS are drawn red, meaning they have been classified as foreground.

In each image, good features to track (corners) are found using the Shi-Tomasi algorithm
included with OpenCV [59]. These features are found again in the next sequential image,
which occurs after the pan/tilt movement, and their pixel distance movement from one image
to the next are measured. At each new frame, after calculating the optical flow from the last
frame, new points are found. This is to counteract the loss of points that occurs naturally
through the rotation of the target, or even simple changes in illumination that cause points

to appear differently to the algorithm.

The implementation used in this work relies on the ‘Good Features to Track’ function to find
points to track, as well as the ‘Calculate Lucas-Kanade Optical Flow’ function to calculate
the movement of the points between frames. Both functions are included with OpenCV.

The Good Features to Track method of feature finding is described in [47], and searches for
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Frame: 52

Figure 4.11: Using optical flow background estimation to identify a moving target.

strong intensity gradients in two directions within a small region of the image. Optical flow
looks for bulk movement of pixels maintaining constant intensity distributions in order to
match features from one image to the next. More on these functions, as well as the theory

of optical flow background estimation, can be found in the original source, [11].

4.3.3 Moving Camera Test Video Data Set

Test videos of a flying sSUAS taken from a camera mounted on the moving PTU were taken.
The videos each contain one full movement, made up of both a pan and tilt rotation, that
encompasses several frames. As the video frames were recorded, the PTU’s pan and tilt
angles were queried. This data was logged, alongside the corresponding video frame number,

so that full knowledge of the camera’s rotations between frames was known. This information
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is required to calculate the estimated optical flow background movement, but is not needed

for the template frame matching.

Four video segments were selected to test the two methods described above. Each video
contains five or six frames where the camera has rotated from the previous frame. These
frames, along with the five subsequent before the background subtraction algorithm begins
to work again, are the frames that were used to test and compare the accuracy of the two
methods. Truth data for these test videos was generated in the manner described in Section

4.1.1.

The background subtractor parameters will be kept consistent across these tests, and so there
will be no difference between the two methods during the frames that only the background

subtractor is acting on.

4.3.4 Comparison of Methods

Each method has a variety of settable parameters that were varied for this testing. Descrip-
tions of these parameters are available in Appendix B . For both methods, these parameters
were altered one at a time to understand their effect on performance. The most impactful
parameters were then varied in small full-factorial tests. Table 4.9 shows the best perfor-
mance achieved for both of the methods in terms of RMSE, FPS, and FN. It seems as
though the feature matching method is more accurate and reliable, whereas the optical flow
background estimation method is faster. Both methods are fast enough to be implemented
in real-time alongside the background subtractor. Across all combinations of parameters
tested, the feature matching method averaged 38.39 FPS, and the optical flow background

estimation method averaged 42.78 FPS.
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Table 4.9: Results of feature matching and optical flow background estimation.

Method RMSE Avg. FPS Avg. FN
Feature Matching 16.30 34.42 0.00
Optical Flow Background Estimation  28.66 57.50 0.75

Of note are the knowledge requirements for each of the tested methods. Template feature
matching requires knowledge of the targets location and size in the final frame before PTU
movement in order to form the template. Optical flow background estimation does not
require this information, but instead requires precise knowledge of the angular movements of
the camera between each frame. The performance of either will have to be weighed against

the ability to meet these requirements in any specific application.

As the videos used for this testing were fairly homogeneous, it is recognized that further
testing is required in order to understand both methods’ viability across a range of scenarios.
It should be noted that neither of these methods were used while experimentally testing the

system as described in Section 5.
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Stereo Vision Implementation

5.1 Stereo Vision Setup

Another camera is added to the opposite side of the PTU to enable stereo vision ranging
capability, as seen in Figure 3.2. Position of the target relative to the orientation of the PTU
can be calculated using the equations discussed in 2.2.3. To maintain a consistent coordinate
frame as the PTU move, the measured points can simply be rotated around the center of

the PTU by the current pan and tilt angles.

The stereo vision geometry and equations discussed in 2.2.3 assume that the two cameras’
image planes are co-planar, and therefore their optical axes are parallel. Additionally, the
two cameras must be oriented similarly (the two cameras should agree on what 'up’ is). This

can be ensured using the process described here.

A target point is selected that is a distance Z,, away from the cameras. This target must be
far enough away from the cameras that it is within the FOV of both cameras. The distance
between the two cameras, d is known, and simple geometry will give the horizontal angle
offsets, 6; and 6y, to the target from both cameras. These angles can be converted to a
horizontal pixel location, x., in each camera’s image. This geometry is shown in Figure 5.1.
Because the cameras are mounted at the same height, the target point should appear at the

same vertical pixel location.
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Camera 1 FOV Camera 2 FOV

d

Camera 1l Camera 2

Figure 5.1: Geometry of camera alignment and field of view overlap.

By streaming images with lines overlaid at the horizontal and vertical pixel locations the
equations above calculate the target point to be, the alignment of the cameras can be checked.
Images from this process are shown in Figure 5.2. These lines, particularly the horizontal
line, can also be used to check the rotation of the cameras. The overlaid horizontal lines
should be parallel to known horizontal lines in the image. In these images, the overlaid
lines intersect at the same target location for both cameras. The horizontal lines are, within
reason, parallel to the horizontal surfaces in the image. This process was done at two different

distances.

Almost any stereo vision system will have a blind spot distance: a distance before which,
no point in the real world can be seen by both cameras at the same time. This distance
is shown in Figure 5.1 as Z™", and can be calculated using the distance between the two
cameras, as well as their respective angular fields of view. The boundaries of the fields of
view and the line connecting the cameras form a triangle for which one side length and two
angles are known, allowing for the other dimensions to be solved for. In the system being

tested, ZM™ = 3.824 meters.
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(a) Left Camera’s View (Camera 1) (b) Right Camera’s View (Camera 2)

Figure 5.2: Images from dual camera alignment verification.

5.2 Experimental Data

The system was tested multiple times via tracking of a user-operated sUAS flown outside.
Three dimensional measurements taken by the system, along with their time stamp, were
logged. In addition, latitude, longitude, and altitude (LLA) data of the sUAS itself was
provided by the on-board GPS receiver at the same frame-rate as the tracking algorithm,
and was logged. These GPS coordinate points, along with the known location of the PTU,
were used to generate truth data. This was done using the same process of conversion

between two sets of LLA’s and Cartesian ENU coordinates that is described in Section 3.6.

An example of experimentally measured data plotted against truth data generated via GPS
can be seen in Figure 5.3. The errors in each Cartesian direction at each time step are shown
in Figure 5.4. Of note are the large, jagged jumps in the errors. Also, it should be noted
that the GPS altitude reading proved to be inconsistent across experiments. Throughout
testing, ground level was read as being a an altitude from 603 m to as high as 617 m. This is
much worse than what was expected after performing the GPS testing discussed in Section

3.6. In order to correct for this, in processing of the test data, the PTU’s altitude used in
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the transformation from LLA to ENU coordinates was adjusted up or down as needed.
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Figure 5.3: Raw measurements (red) plotted against truth (green), data set 1.
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Figure 5.4: Error (truth - measured) for each coordinate axis at each time step, data set 1.
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The experimentally measured data was smoothed using a median filter with a window size
of 9 data points. What this means is that at every point, the X, Y, and Z coordinates of the
data point are replaced by the median coordinate values of the 9 surrounding data points,
including the original point itself. This filtering preserves the overall form of the path of the
sUAS as measured by the system, but eliminates large jumps. The filtered measurements
are shown plotted against the truth in Figure 5.5, and errors for each coordinate axis are

shown in Figure 5.6

—— Measured
—— Truth
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Figure 5.5: Filtered measurements (red) plotted against truth (green), data set 1.
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Figure 5.6: Error (truth - measured and filtered) for each coordinate axis at each time step,

data set 1.

Figures 5.7, 5.8, 5.9, and 5.10 show the same results for a second set of data.

[w]z
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Figure 5.7: Raw measurements (red) plotted against truth (green), data set 2.
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Cartesian ENU / XYZ Position Error
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Figure 5.8: Error (truth - measured) for each coordinate axis at each time step, data set 2.

—— Measured
—— Truth
e Cameras/PTU

30

[wiz

20

10

le {ml
—20

Figure 5.9: Filtered measurements (red) plotted against truth (green), data set 2.
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Figure 5.10: Error (truth - measured and filtered) for each coordinate axis at each time step,
data set 2.

More data can be found in Appendix C.

5.3 Analysis and Discussion of Results

The three-dimensional position determination capabilities of the tracking system leave much
to be desired. The general form of the flight path of the sUAS being tracking is preserved,
but large errors occur in all directions at times. Is seems as though these errors grow larger
at increasing range. This trend can be seen in Figure 5.11, which is the same plot from
Figure 5.5, but viewed from the side along the X axis. It can be seen that as the sUAS

moves further away from the PTU (at the origin), the error in the measured position grows.

The same phenomena can be seen in Figure 5.12, which is the same plot from Figure 5.9,

but viewed from the top down.
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Figure 5.11: Filtered measurements (red) plotted against truth (green), data set 1, seen from
the side.

To verify this observed trend, the relationship between range to the sUAS and magnitude of
position error was developed. The truth data from the GPS was converted from Cartesian to
spherical coordinates, thereby giving the range from the PTU to the sUAS at every step. The
magnitude of the errors between the truth data and the filtered measured data were plotted
against these ranges. Magnitude of the errors here are defined as the RMSE between the
measured point and the truth point, considering all three Cartesian coordinate directions.
This plot is shown in Figure 5.13. The linear trend line fit to this data has a positive
slope, confirming the correlation between measurement error and range to the sUAS. The
same linear correlation does not exist between error and the other two components of the
spherical coordinates, azimuth and elevation, as can be seen by the nearly horizontal trend
line of Figures 5.14 and 5.15. Here, zero degrees azimuth is aligned with the zero pan position

of the PTU, which is along the Y axis of our established Cartesian coordinate system.
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Figure 5.12: Filtered measurements (red) plotted against truth (green), data set 2, seen from
above.
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Figure 5.13: Magnitude of the positional errors of the measurements plotted against range
from the PTU to the sUAS. Trend line shows positive linear correlation.
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Figure 5.14: Magnitude of the positional errors of the measurements plotted against azimuth
from the PTU to the sUAS. Trend line shows no linear correlation.
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Figure 5.15: Magnitude of the positional errors of the measurements plotted against elevation
from the PTU to the sUAS. Trend line shows no linear correlation.

Although no linear correlation exists between error and azimuth or elevation, the plots of
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Figures 5.14 and 5.15 do not appear completely random. The data could suggest a different
sort of relationship, such as a Gaussian distribution, with peaks near the origins. It is
believed that this appearance of a relationship is misleading, and resulted from the fact that
the longest range data taken occurred near the zero azimuth and elevation points. This is
supported by the plots of Figures 5.16 and 5.17, which show range plotted against azimuth

and elevation, respectively.

To receive GPS data, the tracking system must request a data point from the server, to which
the sUAS is broadcasting. The server then sends the latest recorded LLA data to the tracking
system. All of this communication occurs over a Wi-Fi network. It was thought possible
that latency resulting in misalignment of the truth and measured data may be responsible
for some of the error observed. The truth and measured data were plotted together against
time. Figures 5.18 and 5.19 show these plots for data set 1 and data set 2, respectively. A
small horizontal offset between the truth and the measured data can be seen at times, but

not one large enough to be a significant contribution to error.
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Figure 5.16: Range to sUAS plotted against azimuth to sUAS. Distribution appears similar
to Figure 5.14.
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Figure 5.17: Range to sUAS plotted against elevation to sUAS. Distribution appears similar

to Figure 5.15.
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Figure 5.19: Truth and measured data, individual Cartesian components, plotted against
time, data set 2.

The alignment process described in Section 5.1 ensured the rotational alignment of the
cameras, but is not precise enough to verify the translational alignment. The cameras were
assumed to be separated horizontally along the tilt axis of the PTU by .650494 m, but
assumed to be aligned along the other two axes. The accuracy of this assumption rests on
the precision of the machining of the mounting hole dimensions for both the PTU and the
custom-designed brackets. A sensitivity analysis was performed, aiming to determine how

errors in the relative translational positions of the cameras would have affected the results.

Along with the sUAS’s position in 3D world coordinates, the sUAS’s position in camera
coordinates, and PTU rotation angles, at each time step were saved during testing. These
camera coordinates can be used to recalculate world coordinates using different values for
the camera’s relative positions. The assumed relative offset of the cameras, (.650494, 0, 0)

m, was varied by as much as 0.5 cm in each direction, and the real-world coordinates were
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recalculated using the recorded camera coordinate measurements. The newly calculated real-
world coordinates were compared to the originally calculated real-world coordinates, and the

RMSE between the two was calculated.

Across all data sets, a change in relative camera position of 0.5 cm in each direction produced
the greatest RMSE, which was 0.47402 m. The same RMSE was produced by using a change
in relative camera position of -0.5 cm in each direction. This amount of error is significant,
but it alone could not account for the error seen by the system while testing. Furthermore,
is is highly unlikely the relative position of the cameras is off by 0.5 cm in any one, let alone

all three, directions.

Considering the camera calibration process provided less-than-ideal results for the optical
centers of both cameras, it was thought that the results for the focal lengths may have been
unreliable. The same process used above to recalculate the real-world measurements can be
performed with new focal lengths instead of different relative camera positions. In this way,
new focal lengths can be found which minimize the RMSE between the recalculated world

coordinates and the GPS truth data across all test sets.

Two multi-variable optimization schemes, the Nelder-Mead method and the Powell method,
were used to find the combination of focal lengths, f; anf f;, which minimize the RMSE of
the recalculated data. Both of these methods are direct-search algorithms, and do not require
derivatives of the functions, as they do not operate using gradients. For both methods, an
initial guess of each variable to be optimized must be supplied. The initial guesses used, and
the resulting focal lengths converged to by each optimization method are shown in Table
5.1. Across the wide range of initial guess values, both methods tend to converge to a similar

answer, which is f; = 5877, fo = 6094.



5.3. Analysis and Discussion of Results 91

Table 5.1: Focal length optimization for minimizing RMSE of experimental data.

Nelder-Mead Powell

f1, fo Initial Guess f1, fo f1, fo
1000, 1000 5877, 6094 861, 1003
5000, 5000 o877, 6094 5877, 6094
6000, 6000 o877, 6094 5773, 6002
6800, 6800 5877, 6094 5879, 6095
7088, 7188 o877, 6094 5877, 6094
7500, 7500 5877, 6094 5877, 6094
8000, 8000 o877, 6094 5877, 6094
9000, 9000 o877, 6094 5877, 6094

20000, 20000 o877, 6094 5877, 6094

The optimized focal length values were used to recompute sUAS world coordinates from the
saved camera and PTU coordinates. Plots for data sets 1 and 2 showing the newly computed
world coordinates, originally recorded world coordinates, and GPS truth data are shown in
Figures 5.20 and 5.21. Plots showing the reduced error in each Cartesian coordinate axis
resulting from using the optimized focal lengths are shown in Figures 5.22 and 5.23. It is
clear from Figures 5.20 and 5.21, that although the new focal length values may be optimized
for the data sets as a whole, they actually increase the error for data set 1. The same is
true for data set 7. If the focal lengths used were incorrect, and the optimized values were
true, it would be expected that errors would decrease for all individual data sets. Therefore,
although the original focal lengths used may not exactly match the truth, they are not

the cause for the majority of the error in the data. The effect of the new focal lengths is
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essentially a scaling of the data, an effect that could be achieved by misalignment of the
two cameras. A more likely cause of the error observed is misalignment of the cameras that
changed throughout the course of testing. A more rigorous camera alignment validation

process, and further testing, would be required to confirm this.
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Figure 5.20: Truth, measured, and recalculated data, data set 1.
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Figure 5.21: Error reduction in each Cartesian coordinate axis due to optimized focal lengths,
data set 1.
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Figure 5.22: Truth, measured, and recalculated data, data set 2.
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Figure 5.23: Error reduction in each Cartesian coordinate axis due to optimized focal lengths,
data set 2.



Chapter 6

Conclusions and Future Work

The work in this thesis detailed the development of a computer vision tracking system
that can be used to measure, in real time, the three dimensional movement of a small
unmanned aerial system. The two dimensional tracking of the sUAS in the camera images
is done with a mixtures of Gaussian background subtraction method coupled with several
image pre- and post-processing techniques. To deal with camera motion, the background
subtractor can simply be suspended during, and reinitialized after movement. Two methods
of tracking throughout camera movement were explored briefly and proven in concept. The
three dimensional tracking of the sUAS is accomplished with stereo vision enabled by the
use of two cameras simultaneously. A linear least squares method is used to resolve the
disparity between the two pointing vectors from the cameras to the sUAS. Accuracy of the
system is analyzed by by comparing measurements against truth data generated by GPS

measurements on-board the sUAS.

Several Kalman filter formulations are tested with the goals of improving the estimate of the
in-image position of the tracked object, as well providing state predictions in the absence
of measurements. With regards to predictive capabilities, higher-order Kalman filter formu-
lations were shown to perform worse than the filter that kept track of only velocity. The
Kalman filter formulations tested use diagonal matrices for the process and measurement
noise covariance matrices, as is common in the computer vision community, but are not an

accurate modeling of the uncertainties of the system. Future work could develop a more
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realistic Kalman filter matrices and see how the predictive capabilities of the higher-order

formulations are affected.

Through testing, the system is shown to be capable of continuously tracking a flying sUAS.
The system is able to measure the position of the sUAS in-frame and calculate the PTU
movements required to keep the sUAS within the FOVs of the cameras. In measuring the
three-dimensional real-world position of the flying SUAS, the system requires improvement.
The general form of the sSUAS’s flight path is preserved, but errors in all three Cartesian
coordinate directions persist. It was shown that the errors increase with the distance to the

sUAS.

The tracking system as a whole could be expanded and improved with different hardware.
Wider FOV camera lenses would allow for measuring objects closer, and therefore allow for
the use of taking truth data via an OptiTrack system which would provide more accurate and
precise truth data. Wider FOV lenses would limit the effective tracking and ranging ranging
distance of the system, however. Lenses with controllable mechanical zoom capabilities
would allow for both testing with an OptiTrack system, as well as keeping track of objects at
greater distances. In addition, rewriting the code in a compiled language such as C++, and
running it on dedicated hardware could greatly increase the algorithm frame rate. Currently,

the stereo vision 3D tracking system runs at roughly five FPS.

Future work for this line of research should include an exploration of the limitations of
the methods used by varying the background environment and object-of-interest properties.
Objects of different in-image size and speed should be tested, along with variations in the
PTU speed settings. In addition, methods of discriminating between several moving objects
in an image could be explored and implemented, limiting the loss of tracking due to other

moving objects.
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It is thought that another method for tracking a target during camera motion could involve
maintaining and shifting the actual background model. This would involve saving the pa-
rameters that define the mixture of Gaussians probability density function at each pixel,
and shifting them using the equations used in optical flow background estimation to move
them by the correct amount in the image. This would allow for the continued use of the
established background model throughout the camera motion, as long as the target does not
leave the area of the scene that has already been modeled. The background model for the
region of the image containing new parts of the scene will then have to be initialized and

constructed.
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Appendix A

Higher Order Kalman Filter

Formulations

Just as acceleration a is the time derivative of velocity v, jerk j is the time derivative of

acceleration, and snap s is the time derivative of jerk.

dt de?
_da_ v _
Cdt d2 di3
_dj_da_dv _d'z
Cdt di2 d3 dit

J

S

Similar to the formulations of the velocity Kalman filter components in Section 2.2.4, formu-
lations for the acceleration, jerk, and snap Kalman filters are given here. Of most importance
are the state vector  and the state transition matrix F'. The other components, ), H, and
R, remain diagonal matrices, with their dimensions adjusted according to need, and so are

not included here.
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Acceleration:
x 10t 0 32 0
y 010t 0 3¢
Vg 0010 ¢ 0 1 000 0O
Uy 0001 O t 01 00O00O0
Qg 00 00 1 0
@y 00 0O0 O 1
Jerk:
x 10t 0 32 0 3 0
y 010¢t 0 32 0 3t
Vg 0010 ¢t 0 32 0
Uy 0001 O t 0 %tz 1 00 0 0O0O0O0
Qg 0O 000 1 0 t 0 01 00O0O0O0OO0
ay 00 0O0 O 1 0 t
Jx 00 0O0 O 0 1 0
Jy _0 0 00 O 0 0 1_
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Snap:
x 10t 032 0 # 0 Ht* 0
y 010¢ 0 4 0 2% 0 5t
Vg 0010 ¢t 0 & 0 * 0
vy 0001 0 ¢t 0 32 0 gt
s 0000 1 0 ¢t 0 32 0
:Z': F:
ay 0000 0 1 0 ¢t 0 3
Ja 0000 0 0 1 0 ¢t 0
Ty 0000 0 0 O 1 0 ¢
Su 0000 0 0 O 0 1 0
Sy 0000 0 0 O 0 0 1

10000O0O0O0O0O
01 0000O0O0O0O0



Appendix B

Template Feature Matching and
Optical Flow Background Estimation

Parameters

Template Feature Matching Parameters (Levels Tested)

o Template ROI Boundary: Minimum distance in pixels between the the target binary

mask blob and the edges of the rectangular ROI template. (15, 25, 50, 75)

e Percent of Good Matches: The top percentage of features matched between the tem-

plate and the new image to keep and use for target localization. (.1, .2, .25, .3, .5)

o Scale Factor: Reduction of pixels factor from one level of the image pyramid to the
next. (1,2, 3)
o Pyramid Levels: The number of image pyramid levels to use. (4, 6, 8, 10)

o Edge Threshold: The size of the border at the edge of the threshold to ignore when

searching for features. (21, 31, 41)

« Patch Size: Size of the area surrounding each features to use to describe that feature’s

rotation. (21, 31, 41)

« WTA K: Number of points that make up each element of the part of each feature’s

description that defines the feature’s rotation. (2, 3, 4)
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Appendix B. Template Feature Matching and Optical Flow Background Estimation
Parameters

Score Type: Defines the method of ranking features by quality. The two options are

the Harris algorithm scoring system or the FAST algorithm scoring system. (0, 1)

Optical Flow Background Estimation Parameters (Levels Tested)

Bounding Radius: The radius in pixels of the circle, centered on the estimated location
of a point, that defines the boundary beyond which a point is considered to be moving.

(10, 15, 20)
Max Corners: The maximum number of features to find and use for optical flow. (150)

Quality Level: A measure of the minimum acceptable corner quality, as a ratio of the

highest quality corner found. (.001, .01, .1, .3)

Minimum Distance: The minimum distance in pixels between separate features. (3, 7,

10, 15)

Block Size: Size of window over which to calculate the image intensity gradients to

describe the points. (3, 9, 15, 25)
Window Size: Size of the window to search to find point movement. (11, 21, 31)

Max Image Pyramid Level: Number of image pyramid levels at which to search for

good features to track. (3,5, 7, 9)

Termination Criteria Epsilon: Search is terminated when the search window becomes

this small. (.001, .01, .1)

Termination Criteria Count: Search is terminated when this many iterations have been

completed. (20, 30, 40)

Pixel Movement Maximum: A maximum bounds for target pixel movement. Pixels

that move further than this bounds are classified as noise. (50, 100, 200)
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Additional 3D Tracking Test Data
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Figure C.1: Filtered measurements (red) plotted against truth (green), data set 3.
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Figure C.2: Error (truth - measured and filtered) for each coordinate axis at each time step,
data set 3.
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Figure C.3: Filtered measurements (red) plotted against truth (green), data set 4.
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Figure C.4: Error (truth - measured and filtered) for each coordinate axis at each time step,
data set 4.
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Figure C.5: Filtered measurements (red) plotted against truth (green), data set 5.
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Figure C.6: Error (truth - measured and filtered) for each coordinate axis at each time step,
data set 5.
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Figure C.7: Filtered measurements (red) plotted against truth (green), data set 6.
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Figure C.8: Error (truth - measured and filtered) for each coordinate axis at each time step,
data set 6.
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Figure C.9: Filtered measurements (red) plotted against truth (green), data set 7.
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step, data set 7.



Appendix D

Machined Parts Prints
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Figure D.1: Left camera horizontal mounting plate mechanical drawing.

117



118 Appendix D. Machined Parts Prints

.26 THRU —,

— x8 \ QTY: 1

3.5 | | 1.990 - .-
|| D T w0
: .srs
- o o O
63 - ‘ 75

1/4«‘ L» 25— 1.500 3.440

Material: 6061 Aluminum or Equivalent
Units: Inches

Tolerances: + .01 on .0x, +.005 on .00x

Figure D.2: Right camera horizontal mounting plate mechanical drawing.
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Figure D.3: Vertical mounting plates mechanical drawing.



	Titlepage
	Abstract
	General Audience Abstract
	Dedication
	Acknowledgements
	List of Figures
	List of Tables
	Introduction and Motivation
	Introduction to Target Tracking
	sUAS Proliferation
	Applicability to Other Domains
	Thesis Contributions
	Document Preview

	Theory and Literature Review
	Computer Vision Theory
	Computer Vision Basics
	Basic Computer Vision Techniques
	Computer Vision and Detection/Tracking
	Mixture of Gaussians Background Modeling and Subtraction
	OpenCV

	General Theory
	Pinhole Camera Model
	Camera Calibration
	Stereo Vision
	Kalman Filters

	Relevant Work

	System Hardware
	Cameras and Lenses
	Pan Tilt Unit
	Computer
	Machined Parts
	Tracking System Setup Setup
	sUAS Truth Data

	Tracking Algorithm
	Tracking in a Static Frame
	Static Camera Test Video Data Set
	Initial Algorithm Selection/Verification
	MOG2 Optimization
	2D Kalman Filter Implementation

	Commanding the PTU
	Prediction Steps Determination
	Pan Angle Error Due to Camera Offset and Correction

	Tracking in a Moving Frame
	Template Feature Matching
	Optical Flow Background Estimation
	Moving Camera Test Video Data Set
	Comparison of Methods


	Stereo Vision Implementation
	Stereo Vision Setup
	Experimental Data
	Analysis and Discussion of Results

	Conclusions and Future Work
	Bibliography
	Appendices
	Appendix Higher Order Kalman Filter Formulations
	Appendix Template Feature Matching and Optical Flow Background Estimation Parameters
	Appendix Additional 3D Tracking Test Data
	Appendix Machined Parts Prints

