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ABSTRACT

This dissertation introduces a novel process to study and analyze sensor data in
order to obtain information pertaining to mobile targets at the sub-pixel level. The
process design is modular in nature and utilizes a set of algorithmic tools for change
detection, target extraction and analysis, super-pixel processing and target refinement.
The scope of this investigation is confined to a staring sensor that records data of sub-
pixel vehicles traveling horizontally across the ground. Statistical models of the targets
and background are developed with noise and jitter effects. Threshold Change
Detection, Duration Change Detection and Fast Adaptive Power Iteration (FAPI)
Detection techniques are the three methods used for target detection. The PolyFit and
FermiFit are two tools developed and employed for target analysis, which allows for
flexible processing. Tunable parameters in the detection methods, along with filters for
false alarms, show the adaptability of the procedures. Super-pixel processing tools are
designed, and Refinement Through Tracking (RTT) techniques are investigated as post-
processing refinement options. The process is tested on simulated datasets, and

validated with sensor datasets obtained from RP Flight Systems, Inc.
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CHAPTER ONE

INTRODUCTION

With the nation gearing toward a persistent surveillance environment [1], the
ability to convert an abundance of raw sensor data into quality information is imperative.
One aspiration in this arena is to obtain intelligent information from the data with
efficiency and accuracy in order to provide the means to make timely strategic,
operational, and tactical decisions concerning targets of interest. This dissertation
presents a sub-pixel processing technique that will detect and analyze sensor data and
provide moving target information.

Although computational methods currently exist for target detection and analysis,
many of these processing and analysis techniques rely on multiple pixels or whole
images. Problems with these methods arise when the target is smaller than a pixel. This
issue is solved by temporally focusing on single pixels. By capturing the intensity
variations of a pixel over time and applying knowledge of a pixel’s geometry, it is
feasible to detect a mobile target and acquire its characteristics.

The sub-pixel process assumes a staring sensor observing individual targets
smaller than a pixel. Using standard detection algorithms, a target is detected and
extracted from a frame sequence. Then, the FermiFit and PolyFit methods are utilized to

analyze the target’s data; yielding the moving target’s characteristics of velocity and



length. The process is tested on simulated datasets, using the statistical models, and

validated with sensor datasets obtained from RP Flight Systems, Inc.

1.1. Research Need

1.1.1. Meeting the Needs of High Altitude Sensors

The distance between the sensor and the target plays an important role in
determining the level of image detail and the amount of area coverage the sensor can
provide. Sensors on high altitude platforms, such as satellites, high altitude aircraft or
Remotely Piloted Aircraft (RPAs), typically view large areas, but are limited in detail
[2].

The level of image detail depends on the spatial resolution found in the
instantaneous field of view. This field of view and the altitude of the sensor determine
the size of the resolution cell. In order to detect a homogeneous feature in an image, the
object has to be equal to or larger than the resolution cell [2]. Smaller targets are not
easily discerned in a single image as the sensor detects the intensity combination of all of

the features in the cell (Figure 1.1).
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Figure 1.1 Graphical depiction of the relationship between sensor altitude,
instantaneous field of view and the resolution cell



Novel methods of detecting these smaller targets to provide target characteristics
are useful in military, law enforcement and homeland security applications.
1.1.2. Applications

There are numerous applications for which sub-pixel processing is applicable.
Some notable applications are for military Intelligence, Surveillance and Reconnaissance
(ISR), border patrol and drug interdiction.

A longer duration staring capability is needed for persistence surveillance, but
given ephemeris data, persistent surveillance with high resolution may not be possible.
Low Earth Orbiting (LEO) satellites have high resolution but a short dwell-time over the
target area, which is dictated by ephemeris data. Obtaining a balance between dwell-
time and resolution often means missing target opportunities. Geostationary Earth
Orbiting (GEO) satellites, however, provide persistent surveillance, but given the
distance from Earth, it has limited resolution. With sub-pixel processing, the low
resolutions experienced by geostationary satellites are mitigated, providing new
opportunities for the Intelligence, Surveillance, and Reconnaissance (ISR) community.

The U.S. border patrol has a vast amount of area to safeguard, with nearly 6,000
miles of Mexican and Canadian international land borders and over 2,000 miles of
coastal waters in its jurisdiction. The Department of Homeland Security does not have
the resources or assets to continuously monitor every mile [3]. The sub-pixel process
can be useful in detecting the illegal entrance of people or vehicles into the country,
especially in remote locations. The algorithm can utilize sensor data from the patrol’s
existing unmanned aerial vehicles inventory by raising its altitude. This methodology

can be applied to the resulting lower resolution of the sensor data to provide analysis of



4

sub-pixel targets; potentially capturing previously undetected illegal entries or smuggling
routes.

The Joint Inter-Agency Task Force South (JIATF-South) performs drug
interdiction operations that involve ‘actionable intelligence on the locations of suspect
drug trafficking vessels’ [4]. As with the border patrol, JIATF-south has a large area to
cover on land and sea. Illegal ‘drugs coming to the United States from South America
pass through a 42 million square-mile transit zone, roughly twice the size of the
continental U.S.” [4]. To transport the drug supply, traffickers typically use fishing,
high-speed ‘go-fast’, or low-profile semi-submersible vessels [4]. The go-fast and semi-
submersible vessels are small and difficult to detect. Stealth is also a consideration as
law enforcement officials need to monitor activity without being detected lest they give
away their position or opportunity to apprehend the suspect. Small RPAs at high
altitudes would provide the opportunity to constantly monitor traffic while in turn, being
difficult to detect. This platform is ideal for the sub-pixel process, which has the
potential to identify this small, drug trafficking watercraft traveling over a large,
relatively static aquatic background.

1.1.3. Overabundance of Data

Data by itself is meaningless. If knowledge is added to this data, it becomes
information, which adds value to what is collected. This knowledge can change a
previously fruitless search into a productive, efficient, and focused investigation,
ultimately providing the end user the capability to make more informed judgments and

decisions (Figure 1.2).
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Figure 1.2 Applying Information to Gain Knowledge

A main issue is that the amount of data far outnumbers the trained analysts
available to process it into information. Within the intelligence community, the need for
applications to help analysts is in the area of image processing used to detect, track and
identify targets [5].

There exists a myriad of ways to process images; some of which are discussed in
Chapter Four. The desired result is to gain actionable information. There will not
always be the proper resolution, the necessary equipment, nor the manpower required to
filter through the copious amounts of data. The need to identify novel methods to
mitigate these circumstances is paramount.

In low resolution instances, visually analyzing the image to infer information is a
daunting task. If a target size is less than a pixel, whole-image and static processing will
not be effective. The sub-pixel process described in this dissertation is a concept able to

pull actionable information from streams of raw data.



1.1.4. Limited Resources

As former Secretary of Defense Donald Rumsfeld advised, ‘go to war with the
army you have, not the army you might want’ [6]. Resources have limitations, such as
cost, equipment, and capabilities.

From a sensor based perspective, specifically with satellites, targets of
opportunity are limited based on ephemeris data, weather, and target availability. It is
not practical or cost effective to go into space and repair a satellite or change out its
sensors. It is also not cheap or quick to put up another satellite with a different sensor
sweep when the need arises and to have it operational in time.

As discussed earlier, by widening the area of view, thereby decreasing the focus
or resolution, one can observe more area at once. The sub-pixel methodology in this
dissertation ascribes to this principle. Instead of increasing the number of sensors or
platforms in an area, sensors can encompass a larger field of view and still characterize
moving targets from the resulting degradation in resolution.

1.1.5. Sensor Validation/Verification via Sub Pixel Process

Sub-pixel processing can also revalidate sensor suites by analyzing the
performance capabilities and limits of a given platform and sensor for each of its current
applications or by identifying new functions and capabilities of existing sensors.

Current sensors applying the sub-pixel process can re-certify their capability
through this analysis. The analysis would provide the new parameters for the sensor
altitude and resolution and the subsequent ranges of the detectable target’s size, velocity

and percent pixel radiometry.



Used in conjunction with other sensors, the sub-pixel algorithm can compile
comparisons to include altitude versus resolution trade-offs as well as sensor and target

constraints for detection and characterization capability.

1.2.  Dissertation Objectives
The overall objective of this dissertation is to provide an innovative process for
imagery data for the purpose of identifying characteristics of sub-pixel mobile target.
The specific objectives for this research involve the development, testing and
analysis of the sub-pixel algorithm. The process will study sensor data, identify moving
targets within a sensor pixel, and estimate target information.
The follow-on objective after the completion of the dissertation is to incorporate
the super-pixel refinement and Refinement Through Tracking (RTT) methods developed

in this paper into the sub-pixel process algorithm.

1.3.  Organization of Dissertation

The second chapter recaptures the problem and defines the assumptions and their
handling, while the third chapter develops the database models for the pixel and target
used throughout the dissertation.

The fourth chapter discusses the current techniques in the change detection field,
investigates three detection algorithms and develops two false alarm refinement
algorithm tools. At the end of each section, examples of each process are provided for
illustration purposes.

The fifth chapter provides a brief literature search of target analysis methods, and
creates two novel processes for analyzing sub-pixel targets. Illustrative examples are

also included in this chapter.



Chapter Six describes the tools produced for super-pixel processing and Chapter
Seven does a theoretical investigation on improving target analysis via historical target

tracking.
The eighth chapter presents the testing scenarios and Chapter Nine provides the
results and discussion portion of the dissertation. Chapter Ten focuses on further work

and project exploration. The dissertation concludes with Chapter Eleven.



CHAPTER TWO

PROBLEM CONCEPT

2.1  Problem Statement
This dissertation develops a set of tools to process sensor data and analyze sub-

pixel mobile targets.

The basic target concept is that an object moving through the pixel will create a

trapezoid intensity profile when viewed temporally (Figure 2.1).

Enter 2 Exit 1

Intensity

Enter1

Frame

Figure 2.1 Pictoral Description of Critical Target Points
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Enter) is the point where the target first starts to enter the pixel, Enter; is the
point where the target is fully within the pixel, Exit; is the point where the target first
starts to exit the pixel, and Exit, is the point where the target has fully exited the pixel.

By studying this problem geometrically and temporally, it is feasible to discover

target characteristics, such as velocity and length.

2.2, Assumptions and Handling
2.2.1. Sensors

The sub-pixel algorithm is generic in design such that it will perform for a variety
of sensors and platforms. However, some basic assumptions concerning the sensors are
necessary for algorithm development. Once completely developed and as these
assumptions change, adjustments in the affected areas are possible.

The sensor assumptions include that the data from the sensor is a framing system,
which gathers instantaneous measurements at a constant sample rate from the entire
scene at once. The pixel geometry is rectangular, with target intensities centered on the
pixel and having a point spread function contained within the pixel. The sensor bias is
considered constant and the measured noise has a Gaussian profile.

The algorithm processes data as a single intensity value, normalized between
zero and one. If other types of data are received, such as RGB data, it is converted to a
grayscale dataset and normalized.

2.2.2. Target

The sub-pixel algorithm detects and analyzes mobile targets smaller than a pixel.

The development of an appropriate target model is imperative for algorithm design and

assumptions are made to bound the problem.
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The basic target shape is rectangular and emits measurements uniformly across
its entire surface area. The target velocity is constant and greater than one frame per
pixel and the ground slope is negligible in comparison to the altitude of the sensor.

The initial target trajectories travel in the horizontal plane with respect to the
sensor array. Studies later in the dissertation involve relaxing this assumption to refine
the algorithm performance during target analysis. However, the assumption remains that
the trajectory has a short term linear motion such that within a given pixel sequence; the

target will maintain a straight line.



CHAPTER THREE

DATABASE MODELING

Identifying the existence of a moving target is basically a change detection
problem. Whether done temporally or spatially, all detection models ‘look’ for a
difference between the target and the quasi-static background. When finding objects in
the sub-pixel realm, the target rarely presents visually identifying features, such as
contours and textures. This limits the ability to detect a target using spatial variations.
Temporal processing, therefore, becomes the feasible option for the sub-pixel detection
algorithm.

The development and testing of the detection algorithm uses statistical models
simulating the background and target profiles. Many researchers, such as Zhang and
Barniv, focused primarily on target detection, treat small, moving targets as a point
source [7] [8]. Others, [9] [10] [11] [12] [13] [14], rely on background suppression
techniques to isolate the target and do not use a target model. Caefer et. al classifies
temporal profiles of the static object/sky and a moving target and uses the distinctions
between these profiles to segment IR images for target detection via a Triple Temporal
Filtering process [15]. Tzannes et. al. furthers this work and performs a series of
experimental tests which validates the use of a Fermi derivative equation as a model of
IR targets [16]. The purpose of this dissertation is to analyze target characteristics of

moving vehicles, so a modeled target is essential for testing an evaluation. Tzannes

12
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Fermi derivative as well as a trapezoid depiction, which is novel to this dissertation,
provides the target models for the sub-pixel algorithm development.

A generally accepted background model uses a constant signal with additive
Gaussian noise [7] [9] [10] [15] [17] [18] [19] [20] [21]. More complex models use an
adaptive approach to accommodate shifts in the background scenario [13] [14] [22] [23].
The sub-pixel algorithm employs both the generic background and an adaptive Fast
Approximated Power Iteration background model [13] [14] for a comparative analysis.

For the modeled database, the simplest scenario is created, tested and analyzed.
The simplest scenario is a static, uniform background with a single, uniform, well-
defined target moving at a constant speed in the horizontal direction from left to right. It
assumes no effects from noise, jitter, percent radiometry, and change of target trajectory.
The scenario is then complicated by removing these assumptions. Once analysis of the
simplest scenario occurs, the scenario complicates itself by removing the assumptions
and adds in noise and jitter, varying percent radiometry and different target trajectories.

This analysis uses input datasets with grayscale intensity levels. The single
intensity scale values keep the computation complexity minimized and works well for a
multitude of environments, such as IR. The input intensity values are stored
in Pixel(r,c, f) arrays, where r is the pixel row, ¢ is the pixel column and f is the
number of frames. For computational purposes and for differing future datasets, all
intensity values are converted into normalized values between zero and one.

It is important to note that the sub-pixel algorithm processes data in terms of
frame count vs. time. The correlation between the two is expressed by

. frame
~ SampleRate’
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where ¢ is the passage of time during the dataset, frame is the total number of frames in
the dataset, and SampleRate is the rate that the data samples are taken in frames per

second.

3.1. Basic Background Model
Assuming a quasi-static background with all the other assumptions in place, the
background can be considered a constant signal.
Ipack(ric,f) = C,
where I, is the background intensity matrix with indices of row, r, column, ¢, and

current frame, . C is the constant background signal.

3.2. Basic Target Model

Unless the target has an identical intensity to the background, a uniform target
moving across the pixel will experience either a positive intensity change throughout the
transit or a negative intensity change. The temporal profile, assuming a constant speed
across the pixel, displays a trapezoid geometric configuration. When the target enters
the pixel, the intensity increases or decreases linearly until the target is fully within the
pixel. With the target fully in the frame, the intensity steadies out. Once the target starts
to exit the pixel, the intensity decreases or increases at the same rate, but of opposite
slope of the entrance. Once the target fully exits the pixel, the pixel will reflect the

background signal (Figure 3.1).
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Figure 3.1 Trapezoid figure of target within the pixel

The trapezoidial model equation is given by

§
(Enterz(z)Enterl) (f — Entery),  if Enter; < f < Enter,

ITarget(rn le) = J q, lf Enterz < f < Exit]_,

(—q)
(Exit, — Exit,)

(f - Exltl) + q, lf EXitl S f S Exttz
\

where Irgrgec(7, ¢, f) is the temporal target intensity matrix with indices of row, 7,
column, ¢, and current frame, f. Enter, is the frame at which the target enters the pixel,
Enter; is the frame at which the target is fully in the pixel, Exit, is the frame at which the
target starts to leave the pixel, Exit, is the frame at which the target has fully exited the
pixel, and ¢ is the uniform intensity of the target. Due to the constant velocity
assumption, the target entry and exit frames are equivalent,

(Enter, — Enter, = Exit, — Exit,).
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3.3.  Quantized Fermi Target Model
The trapezoidal model is not continuous and an alternative model for comparison
purposes is useful. Previous studies by Tzannes use a Fermi derivative to generate the

pulse-like shape of IR targets [16] using the equation
k-b

ae c

far(k;a,b,c,d) = ————+4d, (3.1
(e c +1)?
where £ is the frame number, a is proportional to the target intensity, b is the related to
the frame where the target is fully within the pixel, ¢ controls the width of the function or
the velocity parameter, and d is the background level. This equation uses the normalized
intensity vs. the grayscale intensity.

A trapezoid shape is desired because the edges of the max intensities are critical
values for target analysis, which is discussed in Chapter Five. Applying a threshold

quantization forces the Fermi pulse-like shape into a quasi trapezoidal signal (Figure

3.2).

Fermi Derivative Model Quantized Fermi Model

o e o
~t (=) 0
o o o
~ ® @

o
o
o
fap)

o
R
o
R
T

(=]
w

Normalized Intensity
&
o
w

Normalized Intensity

[=]
N
o
[N

(=
-
=]

% m W @ w % a0 W 0 @ @ 0w 0 % 2 B0 W B M0 & 5
Temporal Samples Temporal Samples

Figure 3.2 (A) Fermi Derivative Model and (B) Quantized Derivative Model Output
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3.4. Incorporating Background and Target

3.4.1. Trapezoid Background and Target Model

Unlike a multi-pixel target, where the entire pixel is replaced upon passing, when
a sub-pixel target moves into the pixel, it replaces only a percentage of the pixel

background (Figure 3.3).
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Figure 3.3 Temporal Profile of a Target Moving Through a Pixel

The critical target points from Chapter Two are used to develop the trapezoid model of

the mobile target, which is given by

( Igack (T, ¢, f), if f < Entery

q

(Enter, — Entery) (f — Entery) + Iggck(r,c, ), if Enter; < f < Enter,

Ipixer(r, ¢, f) =3 (0 = RTP)Igaei(r, ¢, f) + RTP - Igrgec(r, . f), if Enter, < f < Exit,,

—q
(Exit, — Exit,)

(t — Exity) + q,if Exit, < f < Exit,

\ Igack(r,c. ),  if f < Exit,
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where Ipie (7, ¢, f) is the pixel intensity matriX, 7, is the temporal target intensity
matrix, and /. is the background intensity matrix. All of the matrices use indices of
row, r, column, ¢, and current data frame, f. RTP is the ratio of the target size to the
pixel size, g is the uniform target intensity, and Enter;, Enter,, Exit;, and Exit, are
previously defined.

The main issue with incorporating the background is having enough intensity
variation between the background and the target to be able to detect the target. The
intensity variation is directly proportional to RTP. As RTP decreases, the success of the
detection algorithm decreases.

342. Quantized Fermi Derivative Background and Target Model

The Fermi Derivative Model (FDM) was not originally designed for sub-pixel
targets and the model assumes the target fully covers the pixel (RTP = 1). However,
through analysis, the FDM can work on sub-pixel targets by making a few adaptations,
such as correlating the trapezoid model and the FDM to gain knowledge of the target’s

parameters (Figure 3.4).
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Figure 3.4 Illustrates the FDM as applied to a sub-pixel environment
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To relate the FDM into a sub-pixel environment, each parameter within the FDM
(Eq. 3.1) defines and correlates the target and sub-pixel environment. The parameters
provide the relationship to the trapezoid model needed for ground truth knowledge
during testing.

3.4.2.1.  Finding d parameter

From Section 3.3, k is the frame number and a, b, ¢, and d are constants. As k

approaches infinity,

k—b

ae ¢

lim ——I?_-:_—b_——_ +d=d, (3.2)

K0
(e7c +1)?
and the pixel intensity reduces to d,
d = Iggck,
which for a staring sensor would be the average background intensity.

3.4.2.2 Finding b parameter

The b parameter is related to the midpoint of the Fermi derivative, which
correlates to the midpoint frame of the target signature. The target transit frames, fiansis
are found by

ftransit = Exit; — Enter,
where Enter is the first frame of target entry and Exit; is the frame where the target exits
the pixel. The transit frames are halved and added to the frame of entry to find the target
signature midpoint, b,

b= ftransit

> + Enter;.
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3.4.2.3.  Finding a parameter

At the midpoint frame (k = b), Eq. 3.2 reduces to:

a

fdf(k = b;a)blc’d) = 22

+d,

Referencing the trapezoid model in Section 3.4.1., when & = b, the pixel intensity
is the intensity value of the target fully within the pixel frame such that
far(k =b) = (1 = RTP)lggcx + RTP - Irgrger
where RTP is the ratio of the target size to the pixel size, Irqrgetis the target intensity,
and Iggcris the background intensity. These equations are combined to solve for
parameter a,
a = 4([(1 = RTP)Igqck + RTP + Irgrger] — d).

3.4.2.4. Finding ¢ parameter

The ¢ parameter relates to the width of the Fermi derivative function and is
related to the trapezoid profile via the equation:
¢ = N(Exit, — Enter;),
where Enter, is the first frame of target entry, Exit, is the frame where the target exits the
pixel, and N is an adjustable parameter used to control the width estimation. N values

between one and two effectively model the targets used in this dissertation.

3.5. Utilizing Realistic Inputs for Modeled Database
Army vehicle parameters are used for the database modeling because they are
known values that can be tested and verified.
Table 3.1 lists the length, width and maximum speed of four common Army
vehicles. Throughout the testing scenarios, these Army vehicles will be used as the

modeled targets [24].



Table 3.1 Army Wheeled Vehicles to Test
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Length Width Max Speed

HUMMWYV 4.57m 2.16 m 29.06 m/s
HEMTT (M977) [ 10.19m 244 m 25.48 m/s
M1070 24.89 m 3.68 m 20.12 m/s
- Tractor 9.09m 2.59m 20.12 m/s
- Trailer 15.80 m 3.68 m 20.12 m/s
- w/ payload 13.41 m/s
PLS

- Truck 10.95m 2.44m 25.48 m/s
- Trailer 832Zm 243 m 25.48 m/s
- w/ payload 15.64 m/s

The target’s information (length, width and velocity), the pixel size and the

sensor sample rate are related to the trapezoid model parameters for programming and

signal insertion (Figure 3.5). The equations in this section and throughout the testing

scenarios are based on an assumed horizontal trajectory. Alternate target trajectories and

their change effects are discussed in Chapter Seven.
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Figure 3.5 Derivation of basic parameters using pixel intensity values
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The basic equation for velocity,

Velocity = ég _ Xpixel _ Xpixel
Y= Exit, — Enter;  Exit, — Enter,’

can be related to a vehicle crossing a pixel, where the change in distance, 4d, is the
horizontal length of the pixel, x,x. and the change in time, 4¢, is the amount of frames it
takes for one point of the target to fully transverse the pixel. Enter; is the first frame of
target entry, Enter; is when the target fully enters the pixel, Exit; is when the target starts
to exit the pixel, and Exit; is the frame where the target exits the pixel.

The front end of the target, f.,.,, correlates to

fentry = Enter, — Entery,
while the back end of the target, f..., correlates to
fexit = Exit, — Exit,.

Note that at this point, the term frame is interchanged with time, knowing that

there is a sample rate conversion factor between frames/s and m/s, shown by

_ frame
~ SampleRate’

where 1 is the passage of time during the dataset, frame is the total number of frames in
the dataset, and SampleRate is the rate that the data samples are taken in frames per
second.

The velocity can also be related to the length of the target, Ly, by

_ Ltarget
Vtarget -

’

fentry/exit

where fenryexit is the number of frames it takes the target to either enter or exit the pixel.
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The target transit time can be calculated by

_ xpixel
ftransit - vV, + fentry:
target

where f.nsir 1s the number of frames it takes the target to completely transverse the pixel.
From these equations, and knowing the frame number where the target starts to
enter the pixel, the critical target points can be found by:

Enter; = fentry + Entery,

Exit, = Exit; — fentrya

and
Exit, = Entery + feransit-
From the vehicle and the pixel area, the ratio of target to pixel, RTP can be found
via
RTP = Ltargetwtarget’
XpixelYpixel

where Liarg: is the length of the target, Wi, is the width of the target, x,.s is the pixel

size in the x-direction, and y,.. is the pixel size in the y-direction.

3.6. Modeling Multiple Pixels
The sub-pixel algorithm is designed to find target characteristics for a single
pixel. However, recording and comparing the target’s information across multiple arrays

allows for jitter effects, target refinement and target tracking.
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To model the target across multiple pixels, an nxm array of background pixels is
created, such as in Figure 3.6, although the figure shows more than just the background.
The background is initially uniform across all pixels, but later testing will allow for

background pixel variation to further test jitter effects.
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Figure 3.6 Modeled target moving horizontally in a single row

The first multiple-pixel dataset uses a target model that moves in the horizontal
direction from left to right and only traverses in a single row. The development of the
database is created in the same manner of the single pixel, with the exception of the time
of entry in each pixel,

Entry; 41y = Exity,,
where the frame of target entry in the next pixel, Entry, .y, is equivalent to the frame the

target starts to exit the previous pixel, Exit;;, and i is the next column in the row.
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The second multiple-pixel database uses the same target model with the
exception that the single target traverses in two rows, splitting the pixel, so that half the
target is in one row and the other half is in the row immediately below it. To model this

scenario, the target’s width was reduced by a factor of two (Figure 3.7).
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Figure 3.7 Single target with horizontal motion split among two rows

Variations in the datasets have differing background intensities between pixels
and the ability to choose the split ratio of the target’s width. Due to the sub-pixel nature
of the targets and the horizontal direction of travel, the split will only happen between
two rows. Changes in this assumption create a much more complex insertion method,

which will be discussed theoretically in Chapter Seven.
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3.7. Removing Assumptions

Noise and jitter is sensor specific. After the target and the background model are
complete, noise is added to model the sensor’s surroundings and jitter is added over the
noise to ensure frame uniformity, i.e. to make sure the target, background and noise all
jitter together. This method and order of removing assumptions better models reality.
3.7.1. Adding Noise

Noise is assumed to be a random process, modeling an independent Gaussian
function,

Itotai(t) = Ipixe(t) + N(t),
with zero mean and standard deviation, o, found via
N(t)~N(0,0),

where I, is the total pixel value, Ipye is the original pixel, and N is the noise. A
commonly accepted noise profile, with widely accepted parameters, used with detection
algorithms is the independent Gaussian function [7]. The modeled noise is shown in

Figure 3.8.

frame

Figure 3.8 Noise added after the target insertion algorithms
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3.7.2. Adding Jitter

Sensor jitter is a major concern in digital imaging [25]. If the jitter between
pixels is significant, the background intensity no longer remains quasi-static. Jitter is
specific to each individual sensor and its environment. Over time, jitter can be predicted
and removed. However, the techniques employed for jitter removal could smooth out or
completely erase the sub-pixel target. For this dissertation, an analysis of jitter effects
will be performed in order to find the sub-pixel target algorithm’s performance and
limitations. This dissertation investigates two types of jitter, translational jitter and
random jitter.

3.7.2.1.  Translational Jitter

As a generalization, translational jitter assumes a horizontal linear motion, with

the sensor behaving as a simple harmonic oscillator [26] such that
. . (2T
Shift(t) = Asin (—7-,-t + <p),
where Shifi(t), is the current sensor shift position, 4 is the total jitter percent shift, T is
the period of the jitter cycle, and ¢, is the phase, which is set to zero for this model.

Figure 3.10.A shows the jitter from the hardware perspective and Figure 3.10.B shows

the jitter from the signal perspective.
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Figure 3.9 (A) Pictorial Description of Translational Jitter (B) Intensity variation due to
translational jitter

The pixel intensity variations due to sensor jitter can be expressed as a linear
combination of the pixels related to the percent jitter shift by
(1 + Shift(t))Pixel, — Shift(t)Pixel;, for Shift(t) <0
Pixel,,, (t) = Pixel,, for Shift(t) =0,
(1 — Shift(t))Pixel, + Shift(t)Pixels, for Shift(t) >0
where Pixels,, is the jittered pixel and Pixel,, Pixel,, and Pixels are the original pixels as
shown in Figure 3.9.A.
The pixels on the frame edges will substitute the Pixel, value for the missing
parameter. Jitter will be modeled at different percents in order to analyze its effect on

the algorithm’s ability to detect and characterize targets.
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3.7.2.2.  Random Jitter
Random jitter allows for the entire pixel array to vary with a uniform distribution
for a specified jitter parameter, J. The jitter parameter can be as large as a multiple pixel
shift or restricted within a pixel fraction. The jitter equations are calculated via:
Jrow =J(1 - 2[1]),
and
Jear =J(1 = 2[1]),
where J,,, is the random row shift and J,,; is the random column shift. Both shift factors
are randomly updated per frame with a uniform distribution on the interval [-J, J]. The

two shift factors allow for multidirectional shifting along the frame (Figure 3.10).

JCOI =+ 0.5
r Pixel, o, Pixel, .,
!
|
! : :
Pixel, .., Pixel ..,

Figure 3.10 Multidirectional shifting along a frame caused by jitter
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The pixel intensity variations due to sensor jitter can be expressed as a linear

combination of the pixels related to the percent of jitter shift using
Tpixel ey (T2 €. f) =
Ipixet (T + Urow () € + Ut (DL F) - (1 = Jrow(H)(1 = Jeat(F))
+Hpixer( + Urow (AL € + Ueot (AL F) - (1= Jrow(F) Vot (F)

+lpixet(r + [row (PN € + Ucor (F). ) ']row(f)(l "]col(f))
+ IPixel(r + Urow(f)]:c + Ucol(f)]: f) ']row(f)]col(f)a

where Ipi.iner 1S the resulting jittered pixel matrix, /p; is the original pixel matrix, and
the indices of the matrices are row, r, column, ¢, and current frame, f. J,,, is the random
row shift and J,,, is the random column shift. If the row or column indices are exceeded
during the calculation, in which case the jitter shift is past the pixel array frame, the last

row or column index is used as a substitution.



CHAPTER FOUR

CHANGE DETECTION

Target detection is essentially a change detection problem and can be done in the
spatial, temporal or spatio-temporal domain. Spatial-image processing analyzes the
intensity feature variation in a single frame and works well for multi-pixel or high-
contrast targets. Some of these processing techniques include Matched Filtering (MF)
[27], Dynamic Programming Algorithm (DPA) [28], and Multistage Hypothesis Testing
(MAHT) [9]. Temporal-image processing capitalizes on the intensity changes over a
sequence of frame data and works well for small, dim, point-like moving targets. Spatio-
temporal processing does a combination of both.

The main goal is to differentiate the target from the background signal. As the
target moves through the pixel, a pulse-like signal is generated, interrupting the
background signal. This scenario is perfect for temporal analysis.

A straightforward change detection method uses a simple differencing method,

D(f) = L(f) - L(f),
where / represents two images, D is the differences between the images, and f is the
frame sequence. For this method, the decision factor on detection is determined by an
empirical threshold [29]. Rosin did an extensive survey on different methods to choose
the proper threshold [30] [31]. Instead of automating the threshold process, Simonson

allows for flexibility by keeping the threshold variable a tunable parameter [13]. This

31
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simple differencing threshold change detection method is computationally inexpensive
and provides a quick check method for target detection. However, this method is
sensitive to noise and variations in background intensity changes [29]. To mitigate these
problems, adaptive background models and thresholds are effective [32].

Extensive research in background modeling and suppression has been done and is
especially useful for temporal problems with either historical data or multiple frame
sequences, where changes happen over a short span of time [13]. Some background
segmentation techniques involve neural network with edge constraints [33], fuzzy
threshold and edge detection [34], contrast boxes, double gated filter, spoke filter [35],
morphological techniques: top hat transform [36], and Gabor filtering functions [36].
One form of background suppression involves wavelet transformations [11] [21] [23].
An advantage of wavelet transforms is that in target detection techniques they can
operate as matching filter, multi-resolution image analyzer, a multi-dimensional image
analyzer, a singularity detector, and an orthogonal extractor [37]. Problems with this
method are its intrinsic complexity [14]. Fast subspace tracking methods utilize a power
iteration technique, which can also be computationally expensive [38] [39] [40]. Badeau
et al. uses a low complexity update to the background estimation called a Fast
Approximated Power Iteration (FAPI) subspace tracking [14]. Simonson shows success
with this method in noisy and highly jittered environments [13].

This summary of change detection methods just scratches the surface of the
abundant information found in the academic communities. The target detection is a
necessity in order to proceed to the target analysis and is part of the overall sub-pixel
process. However, a particular detection mechanism is not a necessity as the modularity

of the design allows for interchangeability. For initial algorithm design, two generic and
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computationally inexpensive methods, and one more robust, adaptive background
estimation method comprise the change detection methodology. The temporal change
detection methods described in this section are the Threshold Change Detection, the
Duration Change Detection, and the Fast Adaptive Power Iteration (FAPI) Detection
methods.

The Threshold and Duration methods are straightforward comparison methods,
are computationally efficient and work well in low noise and jitter environments. These
methods are good tools for quick and easy target detection which is especially useful in
the initial testing of the sub-pixel target analysis. When noise and jitter effects are
introduced into the testing scenarios, a more robust detection scheme, like FAPI, is a
necessary tool to have in the analysis arsenal.

When working with the detection algorithms, it is important to keep as much of
the signal as possible, especially in a low Signal-to-Noise Ratio (SNR) environment. For
this reason, pre-processing smoothing techniques are not considered due to the high
probability that the target signal will be lost or corrupted. In all the algorithms described
in this section, the original pixel sequence is preserved globally so that it can be utilized
in its original state during the analysis section.

A major product of the change detection algorithms is the Binary Target Matrix.
This matrix stores the target detection results as either a one for a target or a zero for no
target. This matrix helps differentiate between actual targets and false alarms and helps

discover the target’s entry and exit frames for a particular pixel.
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For this dissertation, the sensor platform is assumed to be a constant staring
camera, where the background is quasi-static. Although over time, it may be possible to
characterize the background, noise and jitter, for this algorithm, it is assumed that this a

priori knowledge does not exist.

4.1  Threshold Change Detection
The image sequences of the sensor, Ip;,, are stored in 3D arrays,
Ipixet(NRow, NCol, NFrames),
where NRow is the total number of rows in the sensor frame, NCol is the total number of
columns in the sensor frame, and NFrames is the total number of frames in the data
sequence.
The total number of pixels per frame, NPixels, is found by
NPixels = NRow - NCol,
and a single pixel is referenced as
Ipixet (1, €. f),
where r is the current row, c is the current column, and fis the current frame.

At each discrete time frame, a new image is stored into the Ip.s array. The
objective at each frame is to determine whether the intensity of the pixel of the new
frame is consistent with the current temporal background model of the pixel. A target is
detected in those pixels with observed intensities that vary from the model.

Since time is a factor, a general method for comparison is simple normalized

differences [25]:

IPixel(r: c, f) - IBack(rr c, f)
{Pixel (1', C.f - 1) ’

APixel(rl c, f) =



35

where 4p;y, is the normalized difference, I, is the current background model and {pye;
is the previous standard deviation estimate. The standard deviation estimate can be

initialized with the first few background frames, B, such that

B . - 2
{pixel(r, c 0) _ jZf:l(IPtxel(T, C, f; IBack(T', c, f)) ‘ (41)

Recursive standard deviation estimates are updated with

(Pixel (7‘, c, f) = \/ngixel(ri C;f - 1) + (1 - y)(IPixel (r, ¢, f) - IBack(r' C, f))zs

where y €[0,1] is the forgetting factor which applies a weight to the old and new frames.
The forgetting factor allows for the ability to apply importance to new information. In
essence it is a weighting factor, preserving the opportunity to tailor the standard
deviation function later [25].
The assessment of compliance can be determined via thresholding, where
Bpixer(r,c, f) >T
is the condition required for target detection. The threshold value, 7, is user defined and
sensor specific. An effective threshold value compares the target detection rate vs. the
false alarm rate, discussed in Section 4.4., where the false alarm rate is much lower than
the target detection rate [25]. A generic method, which allows for algorithm
adaptability, uses a threshold value as N standard deviations from the modeled
background [41] [42] [43]. Target pixels are those frames that satisfy
Bpixei(r, ¢, f) > No,

where ¢ is the standard deviation and N is the tunable integer factor.
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4.1.1. The Background Model

Due to the relatively small timeframe of the pixel sequence, it can reasonably be
assumed that the background will not change significantly in temporal intensity
throughout the sequence capture. The initial standard deviation estimate found using Eq.
4.1 and the first few data frames serves as a simplistic background model, with the
stipulation that no targets are located in these frames such that the background intensity,
Ipack, 1 given by

Ipack = $pixer(r, . 0),
where (p;,¢; is found using Eqn. 4.1.

This method of background estimation eases the burden of requiring a priori
knowledge of the scene and allows for utilization in real or near-real-time processing.
After establishing a historical database, it would be possible to cross check new
background models to ensure accuracy or determine long term background changes.
4.1.2. Establishing the Initial Threshold

The threshold value determination varies with each sensor. The effectiveness of
the threshold value is measured via the target detection rate vs. the false alarm rate.

One method of detection assumes the first few frames are background data and
Gaussian noise. The intensity values in these frames are used to find the background

value and the noise threshold. The standard deviation, o is given by

o = jZ(IPixel (r,¢, f) = Ipack)?

n
where /p; is the pixel intensity values, /g, is the mean value of the first few frames,
and » is the number of frames used for the background calculation. The threshold value

is calculated as
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Threshold = +Na,

with N being the number of standard deviations. For example, an N value of two
captures approximately 95% of the noise deviation, assuming a Gaussian profile [44].
The variability of N is important because if the SNR is very low, a large N value will
completely ignore the target. Too low of a N value will cause a higher false alarm rate,
which can be mitigated with the False Alarm Rate filters (FAR filter), which is explained
in Section 4.4. The range of N values varies based on sensor. Testing refines the N
value to achieve the ideal number.

4.1.3. Threshold Detection Binary Matrix

The detection binary matrix, Pixelgingry(r,c,f), stores the pixel target

detections using

. 1, if Bpixei(r,C,f)>T
Pixelginary(r,c.f) = {0, if Ap:::z(r, ¢f)sT

where the row, r, column, ¢, and frame, f, represent the matrix indices, dpys, is the
normalized difference, and T is the threshold. A value of one indicates a detected target.
The temporal profile of the matrix gives a good visual indication of actual targets versus
the false alarms and can be used as a tool in the FAR filter algorithm to reduce the
number of false alarms.

A potential problem with threshold detection is that the target may enter in the
first few frames, skewing the noise threshold which would allow the target to go

undetected. This is mitigated using Duration Detection (Sectton 4.2).
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4.14. Threshold Detection Example

A HUMMWY traveling at 23.5 m/s is inserted into a 30x30 m® pixel sampled at
a rate of 120 frames/s (Figure 4.1.A). Noise is added to the signal (Figure 4.1.B) and

then the array is sent to the Threshold Detection algorithm.
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Figure 4.1 (A) HUMMWY signal before noise and (B) after noise

The standard deviation estimates are compared to the background model

threshold. The frames that exceed the threshold are shown in Figure 4.2.
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Figure 4.2 Standard deviation estimates and Threshold Binary Matrix
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In depth analysis and discussion of the target transit points’ accuracy, the
detection vs. false alarm rates, noise, jitter and threshold selection can be found in

Chapter Nine.

4.2, Duration Change Detection
Duration Change Detection finds the most frequent data points and uses this
intensity as a critical point for filtering. The philosophy behind this method is that for
the majority of the time, the pixel will be comprised solely of background information,
with targets sporadically interrupting the constancy. As a result, the critical filter point is
considered the background model. The critical filter point is found at the highest
frequency bin of a frame sequence histogram.

42.1. Finding the Minimum Required Sample Set

Duration Detection capitalizes on the stationary background characteristic of a
staring sensor. Assuming a single target profile, a minimum number of sample frames
need to be recorded ensuring the background data points are the majority in the set. In
this scenario, a duration filter segments out the background signal and leaves only the
target profile. Whole and partial targets can be detected during any portion of the

dataset, providing this condition is met:

#f ramesbackground > (f transit — Zf entry) + €,

where #framespackground i the minimum number of background data frames required,
Jiransic 1S the target transit time, and f...,,, it the number of frames it takes for the target to
fully enter the pixel. The error term, &, accounts for rounding error due to an integer

requirement for the frame number.
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If the sensor pixel size and sample rate, SampleRate, are known, the total
minimum frame number required in the dataset to filter out the background signal for
specific targets can be found. The number of frames the target will be in the pixel, fransirs
is found via

f _ (%pixet + Learge)SampleRate
transit —

)

Vtarget
where xp,./ is the size of the pixel in the x-direction, Ly 1s the length of the target, and
Viarger is the target velocity. In order for the duration process to work, the number of

background frames, #framespackgrouna, must be larger than fiung such that

(Xpixet — Ltarger)SampleRate ‘e

#framespackgrouna > v
target

The total number of frames required is given by

#framesoq > #f ramesggrget + #framespackground

and

2x,ice1SampleRate
#frames;orq > 4 + €.
Vtarget

For example, for each of the four Army vehicles defined earlier, the expected
targets, the minimum number of frames needed to detect each vehicle was calculated and

presented in Table 4.1.
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Table 4.1 Example Frame Calculation Table for Army Vehicles

Vehicle Max Speed | Pixel Size(m) | Sample Rate | Min Frame #
(m/s) (frame/sec)

HUMMWYV 29.06 10 30 21
HEMTT (M977) 2548 10 30 24
M1070 20.12 10 30 30
- Tractor 20.12 10 30 30
- Trailer 20.12 10 30 30
- w/ payload 13.41 10 30 45
PLS

- Truck 25.48 10 30 24

- Trailer 25.48 10 30 24

- w/ payload 15.64 10 30 39

4272, Create Histogram and Establish Filter Boundaries

The histogram computes the frequency distribution of the intensity elements in a
pixel dataset and sorts them into a number of discrete bins, b. The bins have equal width

of

Bu_Bl
b ’

where B, is the upper limit of the histogram and B, is the lower limit of the histogram.
The pixel dataset used for the histogram is a normalized dataset, with intensity values
between zero and one, which are B; and B, respectively. The centers of the bins are

found by the equation:

1
center = B, +(k+§)w k=01,..,b—-1.

The input values that fall on the border between two bins are placed into the
lower valued bin, and each bin includes its upper boundary [45]. The array of bin

frequencies, Hist,ue1, comprises the temporal frequency histogram.
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The bin with the maximum frequency establishes the background baseline. The
bins within N sigma of the baseline establish the temporal frequency filter boundaries,
Filter, such that

Filter = *Noggsetine,
where N is a tunable parameter that can be adjusted by the user, and o is the standard
deviation.

4.2.3. Duration Detection Binary Matrix

The detection binary matrix, Pixelginqry (T, C, f), stores pixel target detections.

: (1, if Ipixei(r,c, f) > Filter
Pixelpinary (r..f) = {0, if Ipixet(r, C, f) < Filter’

where the row, r, column, c, and frame, f, represent the matrix indices, Ip..sis the pixel
intensity, and a value of one indicates a detected target.

42.4. Duration Detection Example

A M1070 traveling at 20 m/s is inserted into a 30x30 m? pixel sampled at a rate
of 120 frames/s (Figure 4.3.A). Noise is added to the signal (Figure 4.3.B) and then the

array is sent to the Duration Detection algorithm.
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Figure 4.3 (A) M1070 profile with no noise (B) M1070 profile with 0.02 noise
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The histogram plot is shown in Figure 4.4.
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Figure 4.4 Duration Detection Histogram Plot (Intensity vs. # Frames)

The resulting Duration Binary Matrix has quite a few detections, as seen in
Figure 4.5. The addition of the false alarm rate filters (Section 4.4) reduce the false

alarms to zero in Figure 4.5, increasing the critical point accuracy times.
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Figure 4.5 (A) Duration Binary Matrix (B) Utilizing the FAR filters to reduce false
alarms
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4.3. Fast Adaptive Power Iteration (FAPI) Background Estimation

The previously mentioned methods of change detection are extremely sensitive to
jitter. The Fast Adaptive Power Iteration (FAPI) method mitigates problems in finding
targets in high jitter environments, by providing robust adaptive updates to the
background model [46].

Although computationally more expensive than the background averaging
method or duration filtering, the increase in detection magnitude is worth the extra
processing time [46]. Examining the FAPI background estimation method is required
now versus earlier because the previous concepts and corresponding equations are used.

The FAPI algorithm provides estimates for the orthonormal basis vector at each
iteration step. This vector is used for the adaptive background modeling. The estimates
are such that the dominant subspace is spanned by the covariance matrix,

fo
Cxx(f) = Z BCxx(f—1) + [Pixelv(f)lgixelu(f)t

U=—00
where the weighting parameter, £, is contained within [0,1] and determines the
importance of each update in the estimation. It is imperative to note that the intensity
pixel matrix /py,; must be vectorized in an Nx1 matrix for the FAPI method. The
notation Ip;ye,is used to identify the vectorized matrix [46] and £, represents the pixel
frame.

43.1. FAPI Estimation

Instead of continually computing and decomposing Cyx(f), the current basis
vectors are stored in a weighting matrix, W(f), which are updated at every frame.
Badeau et al. developed a comprehensive method for the W(f) update and the algorithm

and mathematic specifics are found in the referenced publication [46].
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Badeau utilizes an R dimensional identity matrix for the initialization of an
auxiliary matrix, Z, where the value of R is user defined. He initializes W, an RxN
orthonormal matrix, with an identity block sized RxR and zeros everywhere else.
Simonson refined the initialization and achieves rapid and repeatable convergence using

a Gram-Schmidt process given by

8
Vl = IPixel(f):
f=1

r-1

Ipixet(r + 1TV,
%'=1Pixel(r+7)_z Plxel(VTV ) SVSl r=2,..,R,
s Vs

s=1

and

=~

T

WIlI’

W.(r+7)= r=1,..,R.

where V; and V, are the basis vectors, and W, is the initial weighting matrix. V; utilizes
the first R+7 frames for the initialization. Simonson found R = 3 to give the most
advantage vs. computational cost [25].

The background model, /5,4, can be found with

Igack (f) = W(f — 1)WT(f = Dlpixer(f),

where fis the frame.

This value is used in the Threshold Change Detection formulas to check for
consistency using

Bpixer(r, ¢, f) > T,

where 4p;; is the normalized difference, r is the row, ¢ is the column, fis the frame, and

T is the threshold.
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43.2. FAPI Binary Matrix

The FAPI Binary Matrix uses the same decision tools as the Threshold Detection
algorithm and the Duration Detection algorithm. The detection binary matrix,

Pixelgingry(r,c, f), stores the pixel target detections by

; — 1' l‘f APixel(r: [ f) >T
Prelunary e N =y epen <
where the row, r, column, ¢, and frame, f, represent the matrix indices, 4py,, s the pixel

intensity, 7 is the threshold, and a value of one indicates a detected target.

43.3. FAPI Background Suppression Example

A 50x50 pixel array of a grayscale camouflage background represents a jitter
sensitive complex background with high spatial gradients. Random jitter with a three
pixel maximum shift is introduced throughout a 50 frame data sequence (Figure 4.6.A).
The first 10 frames are used to initialize the FAPI basis vectors using R = 3 and = 0.95.
After cycling through 40 additional frames, a FAPI background estimation is done on the
51* frame which is shown in Figure 4.6.B. The background estimation is subtracted
from the original frame in Figure 4.6 to show the effectiveness of FAPI for background

suppression (Figure 4.6.C).

Figure 4.6 (A) Original Background Image (B) FAPI Estimation (C) FAPI Background
suppression
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434, FAPI Change Detection

Using over 300 frames of the camo background, an M1070 (target) is introduced
in a region with high spatial gradient, pixel(23,19) through pixel(23,21), and subjected to

random jitter with a 0.25 pixel maximum shift. (Figure 4.7.A).
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Figure 4.7 (A) M1070 modeled target (B) FAPI suppression results

The pixel array is sent to the FAPI Detection algorithm with R = 3 and = 0.95.
The background suppression residuals are shown in Figure 4.7. The background model
is sent to the Threshold Change Detection algorithm for processing. The background
model in Section 4.1.1. was used for comparison purposes (Figure 4.8.A and 4.8.B.).
The FAPI background estimation method increased the normalized standard deviation
estimates by more than a factor of 10 (Figure 4.8.C and 4.8.D) and significantly reduced

the number of false alarms.
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Single Pixel Intensity Profile Single Pixel Noise Profile Single Pixel Intensity Profile Single Pixel Noise Profile
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Figure 4.8 (A) Threshold Example (B) Threshold Binary Matrix (C) FAPI estimation (D)
FAPI Binary Matrix

The FART filter application (Section 4.4) eliminates the false alarms completely

and comes within three frames accuracy for the target Enter; and Exit; points (Figure

4.9). In Figure 4.8.D, point Enter,; had a value of x = 100 and point Exit; had a value of x

= 265. That same binary matrix, with FAR1 applied, shows Enter; with a value of x =

103 and Exit; with a value of x = 261 (Figure 4.9). The significance and locations of

points Enter; and Exit, will be explained later in the analysis section in Chapter Five.
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Figure 4.9 Results after applying FARI1 filter to FAPI Binary Matrix
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4.4. False Alarm Rate Filter

A detected change in a signal does not always constitute an actual target, but may
be a false alarm. False alarms can arise from bad pixels, jitter and noise that are not
eliminated via proper boundaries, or a partial target signal loss in the threshold or
filtering process. There is a negotiable balance between the probability of detecting the
target and an acceptable False-Alarm Rate (FAR). With dim targets, a low threshold or
filter is required or the target will not be detected. However, this allows a high number
of false alarms to arise, which would lead to a high computational or manpower expense
if all these events were processed.

When looking for targets at the sub-pixel level, it is possible to temporally
differentiate between actual target detections and false alarms. As an example, it is
assumed that a target transverses a single pixel over multiple frames. Therefore, any
signal that lasts under a set temporal threshold can be considered a false alarm. By
capitalizing on the target temporal transversal boundaries, the FAR can be significantly
reduced.

Two types of FAR filter tools are used to reduce the False-Alarm Rate. The first
tool responds to the situation where a single target appears as several targets and
reconnects the signal. The second tool eliminates false alarms that do not meet the
minimum target duration timeframe. For scenarios with both types of false alarms, it is
necessary to first reconnect the split target before applying the duration threshold.

4.4.1. FAR1: Reconnect Disjointed Signals

Due to noise and jitter, part of the target signal is lost during the detection
algorithm. As a result, a single signal might be detected as a multiple signal (Figure

4.10.A). To correct this problem, a temporal filter can be applied to the detection signal.
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If spacing between each frame shows values less than the minimum number of frames
between detected targets, Tr4gs, then the binary matrix value is set to 1, thereby
reconstituting the original signal (Figure 4.10.B). Tr4g; is user defined based on the

sensor and detection algorithm chosen.
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Figure 4.10 (A) Threshold Binary Matrix (B) Application of FAR1 filter to recapture
critical target points

4.4.2. FAR2: Minimum Threshold Requirement

If the detection threshold or filters are too low or if bad pixels exist, the algorithm
will classify non-target frames as targets. However, these false alarms are detected over
a minimum number of consecutive frames. FAR2 establishes that a detection is only
considered an actual target if the number of consecutive frame detections meet the
minimum threshold requirement, 7r4z;. Therefore, if the number of frames of the
detected target is less than Tr4z,, it is a false alarm.

Figure 4.11 is target profile of a M1070 travelling at 20 m/s through a 30x30 m’
pixel frame. Figure 4.11 are the noise and standard deviation plots, respectively. Figure

4.11 is the result from the Threshold Change Detection algorithm.
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Figure 4.11 (A) Initial target (B) Target with noise (C) Threshold Change Detection (D)
Threshold Binary Matrix

The FARI filter is used first, followed by the FAR?2 filter, resulting in a complete
reduction of the false alarms (Figure 4.12). Tryr; is user defined and based on

background knowledge of the target.
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Figure 4.12 (A) FAR1 Results (B) FAR2 Results



CHAPTER FIVE

TARGET EXTRACTION AND ANALYSIS

Current target extraction and analysis methods are geared toward multi-pixel
targets. Analysis techniques are spatial in nature and use feature and texture criterion to
train the algorithms and create extensive databases for target comparison and
classification.

Choi and Mei use a method of whole template matching to find feature
similarities between the detected target and an existing database. Choi uses scale-
invariant features transform (SIFT) algorithm to recognize a target and extract rotation-
invariant features from the image [47]. The features are matched with a database for
target classification. Prior training and sample tests are needed to create an indexed
database. Mei first finds a target bounding box via image Euclidean distance and image
weighted distance, then does a template matching comparison against a stored database
[12].

Instead of whole template matching, Nair uses a classification of the target by
parts and creates a very complex hierarchical modular level Bayesian object recognition
system. The recognition is based on the whole static image and is spatially processed
[48]. Vehicles are classified into 3 types; tanks, trucks and armored personnel carriers.
The levels of recognition are tiered into low-level, which does basic edge detection and

image segmentation, mid-level, which represents and describes the pattern shape and
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extraction features, and the higher level, which provides visible pattern category
assignment.

Manikandan does an evaluation of edge detection spatial processing for
automatic target recognition, which goes on the basis that the edge of an object will have
a higher intensity gradient than the object itself and the background [49]. The different
edge techniques evaluated were Prewitt, Sobel, Roberts, Canny (with and without
thresholding) and LoG (with and without thresholding). The simulation results showed a
95-97% detection rate for IR images. Clarkson’s target recognition is very complex and
requires the storage of a model database which he indexed as a single hierarchically
constructed model tree using a neural network. The edge detected target is compared to
the list of available target databases for recognition. [50]

Gupte uses a novel method which implements a GUI spatial process to calculate
vehicle parameters [51]. The vehicles’ dimensions are used to categorize vehicles into
two categories, cars and non cars. This process requires graphical manipulation by the
end user and the calculations are based on the user’s ability to correctly surround the
region of interest.

These methods use groups of pixels to identify the target. As the target decreases
in size, these methods lose their effectiveness. The sub-pixel algorithm in this
dissertation focuses on each individual pixel and processes them independently for target
detection. This independent focus allows for sub-pixel level discovery. In addition, the
temporal method of target analysis does not require an extensive database or target

training to extract target dimension characteristics.
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5.1.  Extract Target
As briefly discussed earlier, each change detection algorithm produces a Target
Binary Matrix, which captures all detected targets held within a frame sequence. For
each target detected, the beginning frame, Enter;, and the last frame, Exit,, of the target
sequence are recorded as target counters. The counters are critical points as they are
integral in finding the target characteristics. The counters and the original frame
sequence are forwarded to the target analysis algorithm for processing.

5.1.1. Considerations

The FAR filters are designed to temporally separate detections and false alarms
in order to reduce the false alarm rate. However, in certain scenarios, false alarms are
not completely eliminated, or split targets are not rejoined. Since the extraction
algorithm does not discriminate between an actual target and a false alarm, the entire
frame sequence, not just the target, is available for further differentiation in the analysis
section.

One major issue in target extraction is the complete capture of the detected
signal. Based upon the amount of noise and jitter, partial loss of the target frame length
is expected when building the Target Binary Matrix. The methods used in the target
analysis section address this issue.

5.1.2. Extraction Example

This modeled example has the considerations and assumptions stated in previous
sections, where a M1070 traveling at 20 m/s is the target with a noise value of ¢ = 0.02
applied to the signal. The signal undergoes all the filtering mechanisms also stated in the
previous sections to yield values for points Enter; and Exit; of 60 and 270, respectively

(Figure 5.1).
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Figure 5.1 M1070 signal with noise profile and critical entry and exit points marked

The extraction algorithm records Enter; = 66 and Exit; = 255, which have %

errors of 10% and 5.6% respectively, with a transit time % error of 11.1% (Figure 5.2).

These critical points along with the original signal are forwarded to the target analysis

algorithm for processing.
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Figure 5.2 Target Binary Matrix with Extraction Points
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5.2. Target Analysis

Once detection occurs, the target is extracted from the frame sequence and
analyzed. The target analysis is temporal in nature and based on the expected target
model profile, resulting in the approximated sub-pixel target characteristics of velocity
and length.
5.2.1. Assumption Review

The target is going in a horizontal linear direction with a constant velocity during
the frame sequence. The ground terrain slope is negligible and there is a single target in
transit. Additional assumptions are that the pixels sizes are known, are uniform in size
and have a rectangular shape.

5.2.2. Calculating Target Velocity and Length

When the target is smaller than a pixel and the pixel size is known, target
information, such as velocity and object length can be found using the linear temporal
signal and the pixel’s geometric configuration.

Given the critical target points, Enter,, Enter,, Exit;, and Exit;,

fentry = Enter, — Enter; = Exit, — Exit,
where f.., is the number of frames it takes for the target to fully enter the pixel. In an
ideal situation, fon, and fe.; should be the same value. However, differences do arise due
to noise, jitter, and other effects. To accommodate these differences, fenr, ts calculated

by averaging the entry and exit frames, using

(Entery, — Entery) + (Exit, — Exit,)
fentry = 2 ,
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The number of frames it takes for the target to transit the pixel is found by
ftransie = Exit; — Enter,

and the velocity of the target is found by

v _ Xpixel
target — s
(ftransit - f entry)

where Vigrge is the target velocity in m/frames.
Due to the horizontal motion consj, target = Viargetfentry ‘ength can be found by
Ltarget = Vtargetfentrys
where the length of the target, Lisger, is in meters. If the trajectory constraint is removed,
information concerning the target’s width and area may be found. This concept is

discussed in detail in Chapter Seven.

5.2.3. FermiFit Analysis

The relationship between the trapezoid model and the Fermi derivative is
explained in Chapter Three for the purpose of target modeling. Capitalizing on this
relationship, if the Fermi derivative can be fitted to a target’s signal data, the critical
points can be recovered.

5.2.3.1.  Finding the Fermi Derivative Parameters

From Eq. 3.1, the Fermi derivative is found with the equation:

k-b
aec
faf(k;a,b,¢c,d) = ————+d,

(e ¢ +1)2

where k is the frame number and g, b, ¢, and d are constants.
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5.2.3.1.1. Parameter d
As k approaches infinity, the pixel intensity reduces to d,

k-b

. ae ¢
lim _k—_b_—+d =d= IBack:

e +1)2

which is the background intensity model found by the change detection algorithms.
5.2.3.1.2. Parameter b

The detection algorithm discovers the frame range where the temporal profile
deviates from the background, where the first frame in this range is the frame of target
entry into the pixel, Enter), and the last frame in the range is the frame of target exit from
the pixel, Exit;. These two values comprise the target transit frames given by

ftransit = Exit; — Enter;.

The b constant correlates to the midpoint frame of the target signature using

b — f transit

+ Enter,.

5.2.3.1.3. Parametera

At the midpoint frame (k = b), the equation reduces to:

a

=td

fdf(k = b; a, b, C, d) =
When k = b, the pixel intensity is the intensity value of the target fully within the

pixel frame as shown in the trapezoidal model in Section 3.4.1. It is now possible to

estimate the value of a given by
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5.2.3.1.4. Parameter ¢

To find parameter ¢, an additional data point is required where k # b. Since ¢
represents the width of the Fermi derivative function, the data point is chosen from the
target entry or exit slope (ksope, faniope). Using this data point in the Fermi derivative
model results in

ksiope—b
ae ¢
fdfslope ™ 7 Kglope—b +d.
(e ¢ +1)?

Let

(Ksiope—D)
Z=¢e€ c

Substitute z into the Fermi derivative model,

az
fdfslope = m +d,

rearrange into quadratic form,

zz+(2—;>z+1=0,
(fdfslope - d)

and solve for z,

1iJ1_4Udfsloge_d)

z(fdfslope B d)
a

z=-1+

Combining the z equations results in

li\[l_4(fdfsloge_d)

z(fdfslope — d) ’
a

(kslope“b)
[»

e =-1+

and
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—d
(kslo e—b) 1i\/1-—4_q‘1_f_-_51?_gf___)_
Ckstope =b) _\ (1

¢ z(fdfslope —d)
a

Finally, solve for c using
(kslope - b)
“a\’
1+ \/1 _ 4(fdfsloge )

In{ -1
f + z(fdfslope - d)
a

and substitute in the parameters a, b, ¢ and d to complete the Fermi derivative model.
The ¢ parameter has two solutions, such that
€y = —C.,
where ¢, is the solution using the positive sign and c. is the solution using the negative sign in
the ¢ parameter equation. If k,,, is chosen on the target’s exit slope and b is the midpoint,
kyope — b is positive and ¢. is used. If ky,,. is chosen on the target’s entry slope, Kyop. — b is
negative and c.. is used.

5.2.3.2. Recovering Critical Points

In Chapter Four, the critical points, Enter; and Exit; were shown to be found via
the change detection algorithm. The other critical points, Enter; and Exit; are found
using the parameters b and ¢. Using b as the midpoint of the trapezoid and Nc as the

time the target is fully in the pixel, Enter; is the smallest value given by

Nc
Enter, = b — —,
2
and Exit; is the largest value given by
. Nc¢
Exit; =b + X

where N is a tunable parameter between one and two.
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5.2.3.3.  FermiFit Example

A HEMTT target model is inserted into a single pixel, travelling at 20 m/s and
sampled at 120 frames/s (Figure 5.3.A). A noise value of g = 0.01 is added to the pixel
signal before sending the data to the Threshold Detection algorithm and the FAR filters

(Figure 5.3.B).
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Figure 5.3 (A) HEMTT Target Signal (B) Threshold Binary Matrix

From the detection portion, two critical points are found where Enter; = 59 and
Exit; = 299. From the FermiFit analysis (Figure 5.4), the calculated Fermi derivative
parameters were found to be a = 0.6789, b = 179.5, ¢ = 35.2447 and d = 0.1104. The

tunable parameter N, was set to 1.7.
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Figure 5.4 FermiFit approximation superimposed over the HEMTT target signal + noise

The two remaining critical points were then calculated as Enter;, = 120 and
Exit; = 239. The target velocity and length are calculated to be 19.95 m/s
(% error = 0.25) and 10.07 m (% error = 1.18), respectively. The original signal is

found in Figure 5.5 and has the critical points marked for comparison purposes.
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Figure 5.5 Modeled HUMVEE target with critical points marked
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5.2.4. PolyFit Analysis

The purpose of this method is to find an approximation of the trapezoid profile.
The critical points are located at the extreme points of trapezoid’s intersections. While a
single approximation function may get the general shape, the function will not recover
the intersections with any accuracy. The next section explains how using the least
squares approximation models the original signal in the form of a polynomial. Utilizing
two approximating polynomials, a sixth and fourth degree, the six different intersections
from these functions can be used to estimate the original target. This is done by using the
six intersections to create the three lines forming the trapezoid as in Figure 5.6. The

trapezoid approximation uncovers the four critical points, Enter,, Enter, Exit; and Exit,.
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Figure 5.6 A trapezoid approximation using the 6 intersection points to uncover the 4
critical points
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5.2.4.1.  Least Squares Approximation

A signal is a sequence of discrete data points measured by the sensor. The Least
Squares Approximation finds an estimated fit of the signal data via an approximating
function that passes through the set of points in the best possible manner without
requiring the function to pass through each point.

Given N data points, N(x; y;), the goal is to find the best fit to the n" degree
polynomial approximating function,

P,(x) = ax™ + axx™ 1+ -+ apx + angqs
where a; ...,a, are coefficients.

The sum of the squares of the deviations, S, are found by

N
S(alﬁ a2: ---ran+1) = Z(Jﬁ - an+1 - aﬂ, == alxln)z
i=1

and S is at a minimum when the partial derivatives are equal to zero as shown by

N
as
a_ = Z 2(0i = Qpyp — A — <+ — alxin)(_l) =0,
ap £
i=1
N
A
0. = Z 2(yi — Apy1 — Ap — - — @y X)) (=x{") =0,
n -
i=1
and
N
as
9a =ZZ()'1'—an+1—an—'"—'a1x?)(_xin) = 0.
n+1
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Dividing the partial derivatives by two yields the normal equations,

N N

N
— n
Z}’i = alzxi +ot anzxi + ap1N,
=1 i=1 i=1
and
N N N N
Y aEyi=ay Y Ak an ) A G ) xN
i=1 i=1 i=1 i=1

that can be solved for the coefficients a; ...,a, by Gaussian elimination [52].

The resulting solutions for the n” degree polynomials, Poly,, are stored in the

matrix form
Poly,(r,c,:)=[@1 . - - aGn Qni1],
where the 7 is the row index and c is the column index.

This method can encounter problems for higher N values because the coefficients
can vary over a range of several orders of magnitude. Normalizing each equation and
using double precision variables help prevent the ill-conditioned system problem.
However, it is not recommended to have N values over six [52].

5.24.2 Trapezoid Approximation

The target’s critical points can be found by the linear geometry relationships
between PolyValues, PolyValue, and the estimated background.
The first step is to approximate the trapezoid. First, set
Polyg = Poly,,
and find the zeros

PolyZerosg(r,c,:) = [Zx1 Zx2 Zx3 Zxa Z2x5 Zxs),



66

where z,, z,,...,z¢ are the x or frame values where Polysand Poly, intersect.
Next, solve for the corresponding y or intensity values for each x to gather the

trapezoid’s six intersection points given by

Pg(zy1) = Zy1,

and
Ps(z46) = Zyg-
From these points, three lines are created such that
Line 1(x) =z, + _(53_’.2_:.{2'3_)_(,( — Zy1),
(Zxz = Zx1)
Line 2(x) = zy3 + M(X — Zy3),
(Zxa = Zx3)
and
Line 3(x) = zy5 + M (x — z,5).
(Zxe = Zxs)
The fourth line is created from the background model,
Line 4(x) = lggek-
The intersections of the lines create the four critical points,
Enter, = zeros(Linel — Line4),
Enter, = zeros(Line2 — Linel),
Exit, = zeros(Line3 — Line2),
and

Exit, = zeros(Line4 — Line3),
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where zeros is a MATLAB function that finds the x-intercept.

5.2.4.3.  PolyFit Example

A HEMTT target (L = 10.19 m) traveling at 23 m/s is inserted into a 30x30 m’
single-pixel with noise (¢ = 0.02) added (Figure 5.7.A., 5.7.B). After running the change

threshold detection algorithm, the binary matrix is sent to the PolyFit subroutine.
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Figure 5.7 (A) Modeled target with critical points marked (B) Target profile with noise

The PolyFit algorithm finds the fourth and sixth degree polynomial fits and
calculates the critical points. Figure 5.8 shows the original signal, Polys and Poly,.

Lines are drawn to show the critical point intersections.
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Figure 5.8 PolyFit analysis with original critical points marked

The calculated critical points are Enter; = 55, Enter, = 113, Exit; = 216, and
Exit, = 270. The calculated velocity and target length are 22.93 m/s and 10.13 m,
respectively. Comparing the calculated values with true values, Enter; and Exit; were
exact. Enter; and Exit; had a five or less frame difference. From Chapter Three, a
HEMTT vehicle is 10.19 m long, showing differences of only 0.06 m (error of 0.5%) and

a velocity delta of 0.07 mv/s (error of 0.3%).



CHAPTER SIX

SUPER PIXEL REFINEMENT

During target extraction significant information can be missed during single-pixel
analysis when a target is split amongst several pixels, with consequential inaccuracies in
the target characteristics. By reconnecting the split pixels, the entire target profile is
captured. When using actual sensor data, two more tools become necessary to refine the
signal enough to derive critical information. At certain times, the target does not travel
completely through a single pixel horizontally. Instead the target may travel through
part of two different pixels. At other times, the target travels at such a speed to give an
insufficient temporal profile. Yet another potential problem exists when the target may
be just a bit bigger than a pixel, but not big enough to distinguish its characteristics by
using conventional spatial methods.

Therefore, instead of super-resolution, this section investigates super-pixel
refinement. The two tools to accomplish this refinement are the Sum-pixel and Enlarge-
pixel methods. The balance is to ensure the signal is not lost in this process.

The figures in Figure 6.1 represents sensor data taken from a video clip of a
remote control vehicle moving horizontally through the screen on a grass and sand
background. In the first figure (set of four graphs), the target is split amongst the four

pixels [53]. The second figure (larger single graph) uses the sum pixel process to
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capture the entire target. The critical target entry and exit points are now well defined

(Figure 6.1).
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Figure 6.1 (A) 2x2 pixel array showing temporal profile of same target (B) Sum-pixel
result of same target showing trapezoid profile
6.1.  Sum Pixel Refinement

Sum-pixel refinement creates a better understanding of the detected target by
merging neighboring pixels in order to gather more temporal target data within a pixel.
The benefits of this process are longer target profiles and some reduction in noise and
jitter. This method generally exacts a price of a reduced target to pixel ratio and lower
target to background intensities, so care must be taken not to lose the target signal.

Figure 6.2 shows a 4x4 array with a modeled target signal inserted into a non
uniform background with a jitter value of 0.25 pixel and a noise value of 1.5%. The
signal is split between the second and third rows of the array simulating a non centered

target.
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Figure 6.2 Multi-pixel target split among two rows

Figure 6.3.A is a close up view of Pixel; ;) from Figure 6.2. Notice that the
target signal has a very short time peak where the target is fully within the frame, making
it harder to get the correct velocity. Figure 6.3.B is the summed pixel, Pixel ;.3 ;;, which

is the result of summing rows two and three from the array in Figure 6.2.
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Figure 6.3 (A) Close up view of Pixel, 1) (B) Result of summing pixels in rows 2 and 3
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Figure 6.4.A and 6.4.B are the summed pixel, Pixel;;.3 ., and the summed pixel,

Pixel ;.3 .4, respectively.
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Figure 6.4 (A) Result of summing rows 2 and 3 with columns 1 and 2 (B) Result from
summing rows 2 and 3 with columns 1-4

As the pixels are summed in the direction of travel, i.e. the columns, there are
more quality frames for target analysis. In addition, summing the two rows of the split

targets reduced the amount of noise and jitter present.

6.2.  Enlarge Pixel Refinement
Enlarging the pixel is especially useful for targets with a high ratio of target to
pixel (RTP), in which case the target area encompasses the majority of the pixel. These
targets have high detection probabilities, but cause problems within the target
characterization algorithms. In these scenarios, the duration of the target remaining
completely within the pixel is minimal, creating a single point peak, instead of the
desired trapezoid profile. By enlarging the pixel along the target trajectory, the temporal

profile is expanded, recovering the trapezoid. This tool has an advantage over the Sum
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Pixel process in that it can expand partial pixels and can focus on narrower regions of

interest (Figure 6.5.A and 6.5.B).

05 T T T T T T T T T 05

0481

046}

1 1

i L i i ' i J. i 1 L A, L ' i A L
0 2 4 60 B0 100 120 40 160 180 200 1} 20 40 80 60 100 120 140 160 180 200

038

Figure 6.5 (A) Single-pixel target with 0.25 jitter and 1.25% noise (B) Result from
enlarging pixel by a factor of 0.8
6.3. Binary Target Matrix
The Sum Pixel process is considered a refinement step because prior target
detection knowledge is integral in selecting regions of interest to sum or enlarge. The
task of choosing the appropriate pixel increase factor is made easier via the Binary
Target Matrix produced in the change detection algorithms. The Binary Target Matrix
shows the temporal target neighbors and serves as the Sum Pixel refinement starting

point (Figure 6.6).
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Figure 6.6 Pictoral description of temporal target binary matrix

Using the binary matrix in Figure 6.6, a good input for the Sum-pixel algorithm
would be the highlighted sub matrix, Pixel.; ., and a good input for the Enlarge-pixel
expansion factors of N,,, = 0.5 and N, = 0.5.

Super-pixels do not have to be equal in the row and column direction. Different
options for choosing the best increase factor include resizing the entire matrix or a sub-
matrix by an integer multiple, or expanding a single pixel to include a target’s temporal
neighbors. The best choices involve using a minimum number of pixels with a zero
value. Currently, the summation and enlargement factors are chosen manually as a post-

processing step, but future work would include automating this process.
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6.4. Refinement Algorithms and Tools
The two tools for super-pixel processing are the Sum-pixel algorithm, which can
resize the frame array into a smaller number of pixels and the Enlarge-pixel algorithm,
which enlarges a single pixel to focus onto a region of interest and give a larger
viewpoint.

6.4.1. Sum Pixel Algorithm

In this algorithm, the frames are resized to accommodate the new pixel size and
the intensities of the old pixels are averaged to create the new pixel intensity.

The Sum-pixel algorithm resizes the mxnxf array to a pxgxf array:

1) Calculate the combination factor for the rows and columns given by
m
row = ;'
and
n
Feor = Eﬁ

where F,, and F, are the number of old rows and old columns that will make up a new

pixel size. As of this time, F,,, and F, need to be an integer value.

2) Calculate the new pixels for each frame of the new matrix given by
NumFrames 9 colstop TOWstop .
Plxelold (ra: Co» f)
Plxelnew(rn: Cn, f) = 3 )
= - F;‘ow col
Cn=1Tn=1 Co=CO0lgtart To=T0Wstart

where
TOWstare = (Foow(mh — 1)) + 1,

TOWstop = FrowTn

COlstart = (Fcol(cn - 1)) +1,
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and
Colsop = Feot * Ca-
The new pixel, Pixely,,, uses r,, ¢, and f for the row, column and frame indices, while
the old pixel, Pixelyy, uses r,, ¢,, and f for the row, column and frame indices.
For example, given a pixel frame,
118 123 125 80
122 121 86 85

120 119 91 96}
121 120 124 117

Pixel,4(:,:,1) =

and given new row and column values of two, the new pixel frame would be,
sy 121 94
; %Zl rnzl Pixel, o, (1, Cp, 1) = 120 107].
It is important to note that the dimensions of the pixel will change during this
process such that the size of the new pixel in the x-direction is given by
Xpixel g, = xpixelolchol'

and the size of the new pixel in the y-direction is given by

ypixelnew = }’pixeloldp;”ow-

6.4.2. Enlarge Pixel Algorithm

To enlarge a single pixel, Pixel,(Row, Col, f) by a factor of N, and N, to
create a new pixel, Pixeln. (1,1, f), use the Enlarge-pixel algorithm:
1) Calculate start and stop values for the row and column summations using
TOWstare = Row — [Npowl,
TOWstop = Row + | Nyow,
COlsare = Col — |Npowl,

and
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colstop = Col — [Nyowl,
where Row and Col are row and column index of the chosen pixel to enlarge, Pixelsq,
and the findex represents all of the frames in the data sequence.

2) Calculate Pixelpe, using

NumFrames col o .
ame stop g TOWstor & £ pixel g (Ty, Cor f)

, _ Zco=colstare “To=TOWstare
Plxelngw(llll f) - Zcolstop Zrowstop
Co=COlstqre “To=TOWstqrt 7 €

)

=1
where the partial pixel row factor is F,, and the partial pixel column factor is, F,. F;is
equal to one unless 7 is at the start and stop value of the row summation. At these points,
F = Nrow — lNrow]-
F. is equal to one unless ¢ is at the start and stop values of the column
summation. At these two points,
F, = Ngoy — INcoil-
For example, given a pixel frame of

118 123 125 80
122 121 86 85
120 119 91 96|
121 120 124 117

Pixelo,d(: ,e ,1) -

and the task of finding Pixel,,,(1,1,1) using Pixel,;(2,2,1), N,,, =0.5, and
N, = 0.7, the new pixel value would be
Pixel,.,(1,1,1) = [114].
As with the Sum-pixel algorithm, the dimensions of the pixel will change such
that the size of the new pixel in the x-direction is given by
Xpixelygy = Xpixelgq(1+ 2Ncor),
and the size of the new pixel in the y-direction is given by

Ypixelpew = }’pixelold(l + 2Ny ow)-
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6.5. Refined Change Detection
Once the Sum-pixel algorithm is complete, Pixel,. is sent to the change
detection algorithms as a new source of data. Several refinements can be compared or

averaged together to increase the accuracy of the target assessments. The main concern

in using this algorithm is not to lose the target signal.



CHAPTER SEVEN

REFINEMENT THROUGH TRACKING (RTT)

In a staged environment, one can create scenarios with only horizontal target
movement. Outside of this environment, these cases are not readily available. This is an
issue as the target length characteristic calculated in Chapter Five is actually the
dimension of the target in the x-direction, ds. If the target moves in the horizontal
direction, this accurately corresponds to the target length, but any other direction of
travel would produce a length calculation error. The actual length of the target would be
bounded by the horizontal length calculation and movement at a 45° angle. The error is
found by,

Elength = V2d,,
where Ejengrh 1S the length error and d, is the calculated length found in Chapter Five. It is
possible to minimize this error by using a Refinement Through Tracking technique. For
the purposes of this discussion, it is assumed that the target trajectory is known or
historical data exists where the trajectory can be calculated. Further work will
investigate different tracking methods for algorithm implementation.

If you know the trajectory angle of the target, it is possible to find out more
information than just the target velocity and length. The spatial target radiometry
describes a target’s area. By combining the temporal profile of the sub-pixel target with

the spatial trajectory, it is geometrically possible to refine the target’s parameters of

79
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length and width. With the given information of the target’s entry time, transit time and
trajectory angle, the target length and width are not singular. This problem can be
resolved by calculating an additional trajectory and from another temporal profile. Some
suggestions for gaining the additional trajectory include finding a pixel where the target
changes directions or rotating the static sensor. Another solution consists of applying the

expected target width to length ratios to test the target profile potential categories.

7.1.  Historical Binary Target Matrix (HBTM)
The Historical Binary Target Matrix (HBTM) is a useful tool in calculating the
target trajectory angle. The HBTM historically captures the spatio-temporal progress of
the target in zeros and ones, where a value of one indicates target detection occurred

during the frame sequence (Figure 7.1).

Figure 7.1 Utilizing the HBTM for calculating target trajectory



81

An estimated target trajectory can be found via the slope of the target pixels in
the HBTM. Using the row and column range values from the HBTM, and the pixel’s
dimensions, the slope of the target trajectory is found by

(rowg — row,)Pixel,
(colg — coly)Pixel,, '’

Slope =

where rowg — row, and colg — col, are the rows and columns the target traverses,
Pixel, is the x-dimension of the pixel, and Pixel, is the y-dimension of the pixel.
The target trajectory, 8, is the inverse tangent of the slope,

6 = tan"'(Slope).

7.2.  Considerations

The target must traverse the entire pixel in the x- or y-direction. Several
techniques mitigate this requirement. The Historical Binary Target Matrix is one such
technique. If Ip,ei(r,c,:) is the pixel of interest over a period of frames, one of these
conditions must be true:

HBTM(r —1,c¢) =1 =HBTM(r + 1,¢)
or
HBTM(r,c —1) =1= HBTM(r,c + 1).

If the pixel of interest does not meet these conditions, then the user can choose a
valid pixel from the HBTM or use one of the Super-pixel algorithm tools to ensure
compliance. In Figure 7.2 the arrow marks the trajectory and the bold pixel is the Pixel
of Interest (POI), in which the target does not traverse the entire pixel. By using the
Sum-pixel algorithm to average the shaded pixels, the new POI is now in compliance

because the target passes the entire pixel from right to left.
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\
Figure 7.2 Target trajectory assessment with Sum-pixel refinement to meet pixel
conditions

The Refinement Through Tracking process considers all the same assumptions as
the work in the previous sections, with the exception that horizontal movement

restriction is no longer required.

7.3. Trajectory Scenarios

Depending on the direction of travel, different dimensions of the target are found
using methods described in the Target Analysis chapter, but require different
calculations for each scenario. The two most interesting cases are the X-dominant and
Y-dominant travel. The term dominant describes the aspect that the target will cross the
entire pixel in a particular dimension (x or y). In these cases, it is still possible to
calculate the target’s length and width.

There are two special cases, where the target travels in a completely horizontal or
vertical direction and where the target travels in a diagonal nature. In both of these
cases, it is possible to find dimension for the target’s length. The target’s width,

however, is non-singular.
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7.3.1. X Dominant Travel

X-dominant travel describes the scenario where the target travels across the
complete pixel in the x- direction (Figure 7.3). 8 indicates the target’s trajectory angle in

the direction of travel and d, is the x component of the target’s dimension.

Figure 7.3 Temporal elapse of target traveling through a pixel.

The target analysis algorithm calculates the velocity in the horizontal, or x-

direction. Knowing this velocity,

Pixel,

'x =
(ftransit - f entry)'

calculating the x component of the target’s dimension, d;, is possible using

dy = foentryr
where Pixel, is the length of the pixel in the x-direction, fenr,is the number of frames it
takes the target to completely enter the pixel and fys is the number of frames it takes
the target to completely cross the pixel. The Target Analysis Section describes the

calculations for both fons, and firansir-
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A boundary box surrounds the target and d, describes the x-dimension of the
target (Figure 7.4.A). Let o describe the partial segment of d, where the target intersects

the boundary box (Figure 7.4.A).

N

d . d

N

Figure 7.4 (A) Depiction of width parameters (B) Depiction of length parameters

Using the laws of sines and cosines of a right triangle, these geometrical

relationships are true:

. 0 —_ a
sinf = i
and
Ay — @
cosf = 4

where 0 is the target trajectory angle, d,g is the x-dimension of the target found by 8, d,,
is the width of the target and d; is the length of the target. If § > 90°, the supplementary

angle must be used.
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To solve for d,g, set the equations equal to a to get
dy, = dy sinf + d;cos 8.

Now, there is one equation and two unknowns, d,, and dj, which is a non-singular
solution. If the target changes direction or the sensor is rotated, then another trajectory
angle, y; exists for the equation,

dy, = dysiny +d,cosy,

and combined with d,g, can be solved for the target’s width and length,

d dxecosy
d —_ % cos@
i ?
siny —tanf cosy
and
X9
= —d .
Y w tan 6

Note that this process assumes both equations have X-dominant travel. If there is
one trajectory with Y-dominant travel, the equation in the next section must be
substituted for trajectory angle y.

7.3.2. Y Dominant Travel

Y-dominant travel describes the scenario where the target travels across the
complete pixel in the y-direction (Figure 7.5). 0 indicates the target’s trajectory angle in

the direction of travel and d, is the y component of the target’s dimension.
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Pixel).

Figure 7.5 Temporal elapse of target traveling in Y-dominant direction

Due to the dominant y-direction, using the Pixel, values becomes critical in the
velocity calculation. Knowing the velocity in the y-direction,

Pixel,

Vv, = )
Y (ftransit - f entry)

calculating the y component of the target’s dimension, d,, is possible using
dy =V fentry,

where Pixel, is the length of the pixel in the y-direction, f;,.,, is the number of frames it
takes the target to completely enter the pixel and f,4.s; is the number of frames it takes
the target to completely cross the pixel. The Target Analysis Section describes the
calculations for both fons, and firansir.

A boundary box surrounds the target and d, describes the y-dimension of the
target (Figure 7.6.A). Let [ describe as the partial segment of d, where the target

intersects the boundary box (Figure 7.6.B).
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d-p
[

)

Figure 7.6 (A) Depiction of width parameters in Y-dominant travel (B) Depiction of
length parameters in Y-dominant travel

Using the laws of sines and cosines of a right triangle, these geometrical

relationships are true:
sinf = —,

and

dyg —B
d, '

cos@ =
where 8 is the target trajectory angle, d,g is the y-dimension of the target found by 6, d,,
is the width of the target and d; is the length of the target. If 8 > 90°, the supplementary
angle must be used.
Set the equations equal to S,
d;siné =4 =d,, —d,coséb,
and solve for d,4 using

dy, = d;sin6 +d, cos6.
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Just as in the X-dominant travel calculations, there is one equation and two
unknowns, d,, and dj, which is a non-singular solution. If the target changes direction or
the sensor is rotated, then another trajectory angle, y, can be used for the equation

dy, = d;siny +d,, cosy,

and combined with d)s and solved for the target’s width and length,

i — dy, COSY
dy = —2 cos
!~ siny — tanB cosy’
and
dy,
d, = 050 d, tang.

Note that this process assumes that both equations have Y-dominant travel. If
there is one trajectory with X-dominant travel, the equation from Section 7.3.1. must be
substituted for trajectory angle y.

7.3.3. Dominant Travel Considerations

In both the X- and Y- dominant travel calculations, if the target fails to change
directions and the sensor cannot rotate, then comparative analysis may uncover the
target’s parameters. This concept involves bounding the target with the non-singular
solution equations found earlier for dyg and ds.

Given these mathematical equations, there are, by definition, a number of values
for length and width that will make this equation valid. Furthermore, for every value of
length that falls within the equation boundaries, there is a specific and unique value for

width that will fit and vice versa (Figure 7.7).
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Target Boundary

Figure 7.7 Possible Target Shapes for a Given Pixel, Velocity, and Trajectory

Therefore, the target in question is said to be described by the non-singular
solution equation. Using deductive reasoning and a database of known length and width
values for similar targets, inserting the values into the equation will determine if the

database target matches the unidentified target’s parameters.

7.3.4. Special Case 1

For targets that transverse the pixel horizontally, at 0°and 180°, or vertically, at
90° and 270° (Figure 7.8.A and 7.8.B) the length can be calculated geometrically while

the target width remains an unknown parameter.
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180° 0°

90 4=,

x

Figure 7.8 (A) Special Case 1 angles of entry (B) Pictorial depiction of Special Case 1

For cases with 0°and 180" target trajectory, the target velocity is given by

Pixel,

V. =
* (ftransit - fentry)'

and the target length is given by
d,=d, = foentry-
For targets travelling in the vertical direction, the 90° and 270° cases, Pixel,

would be substituted for Pixel,, resulting in a target velocity of

Pixel,

V., =
y (ftransit - fentry)'

and a target length of
dy = di = Vyfentry-
7.3.5. Special Case 2
For targets that enter a pixel from the corner at 8 = 45°, 135°, 225°, or 315°
(Figure 7.9), the length can be calculated geometrically while the target width will

remain an unknown parameter.
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Figure 7.9 Pictoral description of Special Case 2 angles of entry into pixel

The difference between this case and Special Case 1 is that the pixel size must be

converted by a V2 factor. The dominant direction of travel, shown in Figure 7.10,

determines the proper equation set to use.

N\

Pixely

Pixel, cm L Pixel,

Figure 7.10 (A) Target crosses completely in x-direction (B) Target crosses completely
in y-direction
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For Special Case 2 scenarios with Pixel, < Pixel,, the target will completely cross

the pixel in the x-direction and these equations are valid:

Pixel,

x (ftransit - f entry)'

dx =V fentry'

and the length of the target is found via
Ligrget = V2. dy.
For Special Case 2 scenarios with Pixel, < Pixel,, the target will completely cross
the pixel in the y-direction and Pixel, is substituted for Pixel, in the velocity and length

calculations.



CHAPTER EIGHT

TESTING

The sub-pixel algorithm can be used for a variety of situations and targets. For
this dissertation, the model base uses ground based vehicles for detection and analysis.
Therefore, the test scenarios were designed to analyze the algorithm performance for this
specific situation.

There are three different sections for testing. The first is algorithm verification,
which tests the computer algorithms against a compliance method, such as hand
calculations, to ensure they work properly. The second test section uses the modeled
data to find the boundaries of the sub-pixel algorithm. The final test section uses sensor

data sequences for authentication of algorithm work and sub-pixel processing theories.

8.1.  Algorithm Verification
MATLAB was used for algorithm development and testing. The basic data
structure in MATLAB is the array, which is naturally suited to the representation of real-
valued images annotated as ordered sets of intensity data. MATLAB stores the images

as matrices, allowing for efficient computation of multifaceted data.
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Upon coding completion, individual function testing verifies run time accuracy
for each algorithm or function tool. The tables containing the different computer
modules, expected results, verification method and the algorithm compliance assessment

are located in Appendix A.

8.2. Modeled Data Testing
8.2.1. Overview

Each modeled simulation set starts with a staring sensor having set characteristics
for sample rate, pixel size, noise and jitter. Different ground vehicles, listed in Chapter
Two, are randomly chosen for insertion into single or multiple pixels (Note: Single-pixel
tests will have a value of zero for jitter). The vehicle’s speed is randomly selected with
values ranging from half of its maximum velocity to full maximum velocity. The
intensity of the vehicle is randomly chosen as well. The background intensities for the
single-pixel tests are constant values. The multiple-pixel scenarios have a low gradient
intensity variation across the background array.

Tests are run in batches to emulate near-real-time processing. The data outputs
to an Excel Spreadsheet for further analysis and processing. The results of each test
determine the parameters to refine in the change detection and analysis algorithms for
optimum sensor performance. Performance metrics are Detection Rate vs. False Alarm
Rate and % error evaluation of the calculated target characteristics of velocity and length

to the expected values.
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8.2.2. Scenarios

8221 Change Detection Testing

The goal of these scenarios is the comparison of the different detection methods
performance on sub-pixel moving targets. The testing algorithm processes a batch of
pixel frame sequences containing a modeled target through all of the change detection
methods (Threshold, Duration, FAPI and the FAR filters). The Excel output files
records the modeled sensor information (Sample Rate, Pixel X, Pixel Y, Noise and Jitter),
the modeled target information (Target ID, Target Length, Target Width, Target
Velocity, and Target Intensity), the expected critical points (Enter,;, Enter;, Exit; and
Exit;), each change detection’s calculated critical points from the binary matrices

(Enter;, and Exit;), and the number of targets detected from each change detection

method (Table 8.1 — Table 8.4).

Table 8.1 Example of Excel Output of Modeled Sensor and Target Information for
Change Detection Testing

Run| Sinfo | Rate | Pl X [Pl ¥ | Noise [ dter | Tinfo | # | Length | width | Speed | Jbk | (gt | NoNoise [Eni)En2 [Extex
1 120 30 {3000 6| 832 | 243 | 2406 | 0.2 | 09 60 | 101 | 210 | 251
2 120 30 | 300 0 2| 1019 | 244 | 19022 02| 09 0 | 124 209|383
3 120 30 | 30| 0] o0 2| w19 | 24 | 21784 02| 09 60 | 116 | 225 | 281
4 12| 0 | 0] 0] o0 5| 1927 | 244 | 15481 | 02 | 09 o0 | 209 | 202 | 441
5 10| 0| 30|00 2| w15 | 244 | 2307 | 02| 09 o0 | 113 | 216 | 269
6 20| 30 | 0| 0o 1| as7 | 215 [ 1883 02| 09 o | 8 | 251|280
7 | || o] o0 2| w10 | 24 | 0828 02| 09 60 | 19 | 233 | 22
8 | % || ofo 2] 1019 | 244 | 20203 | 02 | 08 0 | 117 | 220 | 286
9 120f 30 || oo 4| 908 | 25 |16852] 02 | 09 60 | 125|273 | 338
10 120 30 | 30| o]0 5] 1927 | 242 | 18755{ 0.2 | 09 60 | 183 | 252 | 375
1 | |30 o 5] 1927 | 24 | 17892 02 | 09 60 | 189 | 261 | 390
12 20| 30 |30/ o0 6| 832 | 243 | 17802 | 02 | 09 60 | 116 | 262 | 318
13 120 30 {3] 0] o0 4| 908 | 259 | 12968 02 | 09 60 | 144 | 338 | 422
14 120] 30 | 30| 0] o0 3] 2489 | 368 | 12673 | 02 [ 09 60 | 296 | 344 | 580
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Table 8.2 Example of Excel Output of Modeled Target Threshold Change Detection with
FAR Filters for Change Detection Testing

Ex2
251

313
281

441

61

61

61

€1

61

FARZ | #7T | En1

30

30
30

Ex2
251

313
281

441

375

318
a2z

61

€1

61

61

61

61

61

61

61

&1

61

61
61

61

FARL | #T | En1

15

15
15

Ex2
251

313
281

441

375

318
422

61

&1

61

61

61

61

61

s1

61

51

61

81
61

61

v | ¥T | Em

N

11

43

Table 8.3 Example of Excel Output of Modeled Target Duration Change Detection with
FAR Filters for Change Detection Testing

Ex2

272

RRRARRR

411

73 | 238

71

BRREBZBERPR

82 | 559

FAR2 *T Eni

Ex2

410
261

73 | 238

71

- 330
B6 350
BB 363
77 302

411

82 | 558

FARL T Eni

Ex2

272
410
261

273

73 | 239

71

0 | 283

e 330
B 350
88 363
77 302

411

B2 | 559

T Eni

N

Run | Curation

11

a3
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Table 8.4 Example of Excel Output of Modeled Target FAPI Change Detection with
FAR Filters for Change Detection Testing

Run FAPI N | v | #T | Eni Ex2 FARYL | #T Eni Ex2 FAR2 | #T | Eni Ex2
1 1 1 1 &3 90 15 1 &3 290 50 1 a3 290
2 1 1 1 64 349 15 1 64 349 50 1 64 349
3 1 1 1 a3 31s 15 1 &3 319 50 1 a3 319
4 1 1 1 54 475 15 1 64 475 50 1 [ 475
5 1 1 1 &3 307 15 1 &3 307 S50 1 &3 307
[ 1 1 1 64 314 15 1 64 314 50 1 64 314
7 1 1 b &3 329 15 b 63 320 50 1 & 329
B 1 1 1 a3 324 15 1 &3 324 50 1 a3 324
9 1 1 1 64 374 15 1 &4 374 S0 1 &4 374

10 1 1 1 &4 411 15 1 64 411 50 1 64 411
1L 1 1 1 63 426 15 1 64 426 50 1 64 426
12 1 1 1 64 354 15 1 64 354 50 1 64 354
13 1 1 1 64 455 15 1 64 455 50 b 64 455
14 1 1 2 ki 581 15 4 78 581 30 1 78 581

For visual comparison, a comparative graphic displays the modeled target signal
and the change detection information (Figure 8.1). The change detection testing results

are located in Appendix B.
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The target model parameters for the first batch run has a constant sample rate
(120 frames/s), pixel size (30x30 m?), zero noise and zero jitter with random variations,
as described in the previous section. Consecutive batches vary the sensor parameters as
shown in Table 8.5. To ensure sub-pixel targets, values for Pixel X and Y must be larger

than the respective modeled target vehicle parameters in Chapter Two.

Table 8.5 Batch Run Variations for Sensor Parameters

\Variations
Sample Rate (frames/sec) 30, 60, 90, 120
Pixel X (m) 30-60
Pixel Y (m) 5- 60
Noise 0-0.05
Jitter 0-0.5

8222 Target Analysis Testing

The target analysis testing utilizes the same sensor and target inputs as the change
detection testing scenarios with the same variations as seen in Table 8.5. Every test
batch includes three runs for each sensor and target model. The first run uses the
Threshold Change Detection and feeds the results into a simultaneously run Polyfit and

Fermifit algorithm. MATLAB exports the outcome to an Excel file.
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Table 8.6 Example of Excel Output of Modeled Sensor and Target Information for

Target Analysis Testing
Run | 5 Info| s Rate |Pixel X|Pied Y|Noise]sitter] T info #[Lm‘thlwidﬂlsmedm No waise| ent | en2 Jea| e
1 120 | 30 | 3 [co1{01 4| 908|259 [1636]0.2| 09 60 | 127 [280347
2 120 | 30 | 30 {co1{01 5 [19.27| 2.44 |16.52[0.2 0.0 60 | 200 |78 418
3 120 | 30 | 30 |oo1|01 5(19.27| 242 | 205 |02 0o 60 | 173 |34 349
4 120 | 30 | 30 |ao01]|01 6| 832|243 |2202/|02| 09 60 | 105 24| 260
5 120 | 30 | 30 [oo1{01 3 [24.89| 3.68 |19.27]0.2| 0.9 60 | 215 parac
6 120 | 30 | 30 {0o1{01 3 |24.89] 3.68 |14.99]02| 09 60 | 259 [o0j 459
7 120 [ 30 | 30 [co1|01 1457|216 [1859(02{ 09 e | 89 283
8 120 30 30 joor|01 4|908 | 250 |18.16|0.2| 0.9 60 | 120 318
o 120 | 30 | 30 |ao1]01 5[19.27]| 244 [17.03 |02 0.9 60 | 195 [271] 407
10 120 | 30 | 30 [eo1{01 1]4s57[216(17.35]02] 09 & | w2 300

Table 8.7 Example of Excel Output of Modeled Target Threshold Change Detection with
FAR Filters for Target Analysis Testing

Run Threshold N Y T On1 Ex2 FARL &1 Ent Ex2 FAR2 #T Enl Ex2
1 3 51 | B3 15 1 87 | 328 30 1 87 | 328
2 3 1 25 154 | 313 15 1 101 | 378 30 1 101 | 378
3 3 1 24 79 15 1 73 | 336 3 1 336
4 3 1 3 103 | 106 15 1 B4 | 240 30 1 84 | 240
5 3 1 3z 153 | 303 15 2 69 | 383 30 1 & | 383
[ 3 1 47 176 | 1 15 5 81 | 4685 30 1 81 | 465
7 3 1 p 26 | 39 15 8 115 | 256 30 1 115 | 256
8 3 1 L) 136 | 144 15 10 67 | 298 30 2 &7 | 298
9 3 1 42 186 | 191 15 4 167 | 305 30 1 167 | 305
10 3 1 20 236 | 238 15 9 235 | 270 30 2 | 236 | 270
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Table 8.8 Example of Excel Output of Modeled Target PolyFit and FermiFit Analysis
for Target Analysis Testing

Run Poly | Eni | En2 | Exi Ex2 Fermi | Enl | En2 | Exi B2
1 6 | 131 | 288 3453 & | 131 | 289 345.3076
2 59 | 196 | 276 4194 59 | 196 | 276 419.3585
3 3 172 | 239 3524 0 12| 2 352.3753
4 0 86 | 223 259.2 20 75 | 204 259
5 51 | 218 | 241 406.1 51 | 160 | 297 406
6 56 | 256 | o8 503.8 56 | 197 | 363 504
7 100 | 125 | 238 0.6 100 | 135 | 236 m
8 64 99 | 245 s 64 | 127 | 245 308
9 130 | 188 | 292 330.1 130 | 185 | 275 330
10 233 | 238 | 282 320.4 233 | 260 | 263 320

The second and third runs exchange the Threshold Change Detection algorithm
for the Duration Change Detection and FAPI Change Detection, respectively. As with
the change detection testing, a visual comparison graph displays for the user (Figure

8.2).
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8.3. Sensor Data Testing

8.3.1. Data Information

RP Flight Systems Inc., who specializes in aerial data collection systems,
provided a series of sensor data for testing. A stationary Panasonic Lumix LX2 secured
to a tower 18 m above ground level shot sequences of continuous video of a remote
controlled truck crossing a bumpy, grassy terrain. The target has a body color that,
starting from the front, changes from orange to yellow to white to silver to black. The
windshield and windows are solid black. The dimensions of the truck body are 0.406 m
long by 0.165 m wide [53].

The data sequences have both horizontal and diagonal target travel, which
provides information to test both the main and the refinement through tracking
algorithms. The target travels through portions of heavily shadowed background as well

as extremely bright areas (Figure 8.3).

Figure 8.3 Image of RP Flight Systems Inc., remote controlled truck with varying
background taken from 18 m above ground



104

The target in the datasets is not sub-pixel. To ensure conformity with the nature
of this dissertation, the Super-pixel algorithms enlarge or sum the pixels so they are
larger than the target.

8.3.2. Scenarios

The data scenarios test the change detection, target analysis, super-pixel and
Refinement Through Tracking (RTT) algorithms. In order to keep computational time to
a minimum, specific pixel sequences of the original dataset pertinent to testing the
The criteria for

algorithm robustness are chosen and saved in smaller data files.

choosing pixel sections are background intensity, target motion and pixel shape (Table

8.9).
Table 8.9 Sensor Data Testing Scenario Criteria

Algorithm Focus Pixel Shape Background Target Motion
Multipixel Uniform bright Horizontal
Large Square Uniform bright Horizontal
Small Square Uniform bright Horizontal
Short Rectangle Uniform bright Horizontal
Long Rectangle Uniform bright Horizontal
Change Detection Multipixel Uniform shadow Horizontal
Target .Analysis Large Square Uniform shadow Horizontal
Sum Pixel Small Square Uniform shadow Horizontal
Enlarge Pixel Short Rectangle Uniform shadow Horizontal
Long Rectangle Uniform shadow Horizontal
Multipixel Split bright/shadow | Horizontal
Large Square Split bright/shadow | Horizontal
Small Square Split bright/shadow | Horizontal
Short Rectangle Split bright/shadow | Horizontal
Long Rectangle Split bright/shadow | Horizontal




105
The testing algorithm imports the saved file, formats the sequences into a single
intensity Ipyei(r, ¢, f) array, and runs the appropriate sub-pixel algorithm. MATLAB

exports the testing results to an Excel file, similar to the ones created in the modeled data

testing, for post-run analysis.



CHAPTER NINE

RESULTS AND DISCUSSION

This section encompasses a summary and discussion of the modeled and sensor

data test results. Appendix B contains the unabridged tabular data outputs.

9.1. Sensor Parameter Analysis and Performance
As expected, the sensor characteristics of sample rate, pixel size, noise and jitter
varied throughout the modeled testing portion, and affected the algorithm’s performance.
The analysis in this section examines these effects in detail.

9.1.1. Sensor Sample Rate

As sensor sample rate increases, there are more data points during a specified
time interval. In the change detection algorithms, this translates to a higher false alarm
rate as a higher number of noisy or jittered points exceed the thresholds or duration
filters.

Table 9.1 shows the results of the Duration Change Detection algorithm for a
30x30 m” pixel frame, with a noise and jitter value of 0.01 and 0.05 respectively. The

false alarms were calculated from an average of 10 runs per sample rate (Appendix B).

106
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Table 9.1 Sample Rate Effects on Detection and False Alarms

Sample Rate (frames/s) Correct Detections False Alarms
10 1 2.3
30 1 8.7
60 1 14.7
90 1 20.8
120 1 22

An advantage to the longer temporal profile of the higher sampled sequences is
reduction in the target characteristic percent error calculations. Table 9.2 shows the
results of the PolyFit algorithm for a 30x30 m? pixel frame, with a noise and jitter value
of 0.01 and 0.05 respectively. The error was calculated from an average of 10 runs per
sample rate and normalized to seconds instead of frames to provide a consistent

comparison (Appendix B).

Table 9.2 Sample Rate Effects on Critical Point Given in Seconds of Error

Sample Total Error
Rate Enter; (s) | Enterz(s) | Exit (s) Exit; (s) (s)
10 0.316 2.353 3.464 5.141 2.818
30 0.163 0.208 0.258 0.246 0.219
60 0.128 0.206 0.362 0.145 0.210
90 0.109 0.170 0.195 0.111 0.146
120 0.103 0.151 0.165 0.046 0.116

The initial assumption that a target must travel through more than one frame in
the sequence limits the sample rates minimum value because the target may not be
recorded at all during sensor data gathering. In addition to this consideration, the sample

rate is independent of the algorithms ability to detect the target.
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The parameters that influence the success of the change detection algorithm are
the ones that determine the differences in intensity values between the background and
the target. The pixel size, noise and jitter directly affect this difference.

9.1.2. Pixel Size

The pixel size is inversely proportional to the intensity delta. However, smaller
pixels provide a shorter target travel time resulting in larger critical point % error as
determined with the sample rates. A rectangular shape that minimizes the background
with a shorter width and a longer horizontal length provides the best target to pixel ratio
and largest intensity variation. Figure 9.1 shows the increase in intensity variation
between the background and a target (HEMTT traveling at 23m/s with 0.02 noise and

sampled at 120 frames/s) by changing from a 30x30 m? to a 30x5 m? pixel.

05 05¢
o4s} 0.45F
04 04}
035} 035¢
03t 03
0251 025}
015} 015¢
01p 01t
005¢ 005t
N - R S RN
frame frame

Figure 9.1 (A) 30x30 m? Pixel with HEMTT Target (B) 30x5 m® Pixel with HEMTT
Target
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Utilizing this concept might not be feasible in the original processing of the
sensor data due to a fixed pixel size, but when employing the Super-pixel algorithms,
summing or enlarging pixels to a rectangular shape in the motion of target trajectory is
beneficial.

The longer target profile has a more accurate target approximation with the
PolyFit and FermiFit functions. Table 9.3 shows the results of the PolyFit algorithm for
modeled targets, with a noise value of 0.01 and a Sample Rate of 120. The Pixel X value
was 30 m and the Pixel Y varied from 5 to 10 to 30 m. The % error was calculated from
an average of 10 runs per sample rate and normalized to seconds instead of frames
(Appendix B). As expected, the narrow rectangular pixel with 30x5 m? dimensions had

better approximations of the critical target point.

Table 9.3 Pixel X Effects on Critical Point Given in Seconds of Error

Pixel Y i ) Total Error
Enter; (s) Enter; (s) Exit; (s) Exit; (s) (s)
5 0.762 0.905 0.701 3.049 1.354
10 0.902 1.027 0.784 3417 1,532
30 1.217 0.968 0.977 3.319 1.620
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9.1.3. Noise
As anticipated, the higher the noise, the harder the target is to detect. Table 9.4

shows the change detection performance for different values of noise.

Table 9.4 Percent Detection and False Alarm Frames for Noise Variations

N=2 Threshold After FAR Filters

Noise Detect False Alarms | Detect False Alarms
0 69.48% 0.00% 69.48% 0.00%

0.01 52.11% 0.11% 77.98% 0.48%

0.02 41.17% 2.34% 81.32% 13.13%

0.03 31.58% 4.46% 83.40% 24.96%

0.04 26.96% 2.87% 76.18% 14.85%

0.05 19.30% 3.36% 66.94% 23.45%

The testing scenario used for the table had a threshold N value of 2.0, jitter equal
to zero, a 30x30 m? pixel frame, a 120 frame/s sample rate, and modeled targets that
varied in target type and velocity. The noise ranged from 0.0 to 0.5, with 50 runs per
noise value (300 total runs) used for the data analysis (Appendix B). The detection
percentages, Detect %, reflect the number of frames detected that were actual target

frames, divided by the total number of target frames, which is given by,

Detect % = Detected Target Frames ©.1)
e = Trotal Target Frames '

The False-Alarm percentages reflect the number of frames that were improperly
categorized as having a target, given by

Detected Non — Target Frames
Total Non — Target Frames 9.2)

False Alarm % =
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On a positive note, the False-Alarm Rate (FAR) filters do reduce the number of
false alarms by connecting the disjointed signals and by filtering out targets that do not
meet the minimum temporal frame requirement. The FAR filters are successful at
increasing the number of target frames detected, but this is at the expense of extra
computation requirements for processing the false alarms. However, the FAR filter
variables are tunable and the filter algorithm showed success when ran more than once.
The testing used the same values for the FAR variables for all noise situations to provide
a robust comparison. In practice, a sensor with a known noise value would have the
FAR filters fine tuned for particular situations to reduce the FAR percentages.

Other tunable parameters are the N values in the detection algorithms, which
determine the number of standard deviations it uses as the threshold values or the
number of bins to use for the duration method. A low value of N ensures maximum
detection, but this is at the expense of a large amount of false alarms. In many instances,
with a low N value, every frame is a detection, which renders the change detection
algorithm useless. In addition, in these cases, the FAR filters offer little value as there is
no way to temporally distinguish what is a target and what is not. If the N value is too
high, although there are no false alarms, the target will not be detected at all. Depending
on the sensor, an analysis should be done to find the best N value for target detection.

Table 9.5 shows an example analysis for a noisy sensor with zero jitter, a 120
frame/s Sample Rate, a 30x30 m? pixel size and a variety of targets travelling at different

speeds.
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Table 9.5 Percent Detection and False Alarm Frames and Missed Detections in Noisy
Sensor with N Variations

Noise=0.05 Threshold After FAR Filters Missed
Detects

N Detect False Detect False

Alarms Alarms

1.0 46.66% 26.10% 99.98% 91.00% 0/50

1.5 35.20% 13.89% 96.97% 67.10% 0/50

2.0 19.30% 3.36% 69.36% 23.45% 2/50

2.5 14.78% 0.02% 46.00% 0.24% 12/50

3.0 7.58% 0.00% 27.64% 0.00% 24/50

3.5 2.28% 0.00% 7.58% 0.00% 38/50

4.0 1.39% 0.00% 5.84% 0.00% 41/50

For each value varying from 1.0 to 4.0, the threshold detection algorithm tested

50 modeled targets. The number of frames detected and the number of false alarm

frames were calculated using Eqns. (9.1) and (9.2). The detection algorithm kept track

of the number of missed detections for additional comparison.

best NV value is 2.0, which detected 96% of the targets.

9.14.

Jitter

For this example, the

Jitter affects the capabilities of the detection algorithms much like the noise

parameter. Table 9.6 shows the analysis of varying the jitter values of a pixel from 0 to

0.5.

Table 9.6 Percent Detection and False Alarm Frames for Different Jitter Variations

N=2.5 Threshold After FAR Filters

Jitter Detect False Alarms | Detect False Alarms
0 28.32% 0.00% 28.32% 0.00%

0.1 20.39% 0.00% 21.71% 0.00%

0.2 19.03% 0.00% 24.94% 0.00%

0.3 14.50% 0.12% 25.77% 1.13%

0.4 18.86% 0.93% 35.82% 5.31%

0.5 12.89% 1.34% 38.24% 7.39%
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Fifty modeled targets varying in type and velocity traveled through an area
imaged by a sensor that had zero noise, a 120 frame/s sample rate and recorded a 4x4
image array with varying background and 30x30 m’ pixel sizes. The table values are
calculated using Eqgs. (9.1) and (9.2). A threshold detection N value of 2.5 showed a
decreased performance over the noise table, but the trend was still the same.

The same scenario was used to analyze the threshold N parameter in jitter
situations, with the exception that jitter was held constant and the N value varied from

1.0 to 4.0 (Table 9.7).

Table 9.7 Percent Detection and False Alarm Frames and Missed Detections for Jittered
Pixels with Different N Variations

Jitter=0.25 | Threshold After FAR Filters Missed Detects
N Detect False Alarms | Detect | False
Alarms
1.0 78.61% 19.58% 99.54% | 85.68% 0/50
1.5 54.00% 5.12% 90.09% | 31.09% 0/50
2.0 40.65% 0.35% 65.23% | 1.51% 2/50
2.5 18.80% 0.05% 28.90% | 0.25% 28/50
3.0 17.20% 0.01% 23.45% | 0.00% 33/50
35 10.55% 0.00% 12.75% | 0.00% 36/50
4.0 8.91% 0.00% 11.77% | 0.00% 39/50

The results mirror those from the noise analysis, with an N value of 2.0 providing
the best overall value for the change detection algorithm. This value remains tunable,
but as a consequence of these tests, the detection algorithms were set to a default value

of 2.0 in the MATLAB coding.
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As shown previously, changes in sensor characteristics produce significant
differences in the performance of sub-pixel detection and analysis. For this reason, the
tunable variables in the threshold, duration, FAPI, and FAR filters are imperative to the

algorithms success for a variety of sensors and target situations.

9.2. Method Analysis and Performance

9.2.1. Change Detection

The best measures of the change detection algorithms for the sub-pixel algorithm
are the ability to detect the target and the accuracy of the critical Enter; and Exit, points.
These measures are vital as detection is necessary to proceed to the target analysis
algorithm and the accuracy of the critical points determines the effectiveness of the
PolyFit and FermiFit methods. Table 9.8 compares the different change detection
algorithms. The testing scenario ran 250 tests varying target vehicle and target speed.
The Sample Rates ranged from 30 to 120 frames per second, the noise values were
between 0 and 0.05, and the pixel size ranged from a 30x30 m” to a 60x60 m’ pixel, with

rectangular pixels included.

Table 9.8 Change Detection Error of Critical Points Enter; and Exit;

Error in Seconds
Enter; | Exit;
Threshold | 0,821 1.087
Duration | (.870 1.142
FAPI 0.513 2.560

The Table 9.8 only includes runs where the FAPI algorithm received no run time
errors. For the majority of the runs, the FAPI algorithm did not work, leaving the

Threshold and Duration algorithms as the most effective. The FAPI had convergence
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issues due to the weighting matrix initialization and is not very reliable. Only the tests
that worked for FAPI are included in the previous table. Further work will include an
investigation on how to mitigate the convergence problems.

The modular process provides an additional positive outcome. Since the already
existing change detection algorithms were slightly modified using the Binary Matrix
technique, newer or improved change detection algorithms can be similarly modified and
used within this process.

92.2. Target Analysis

Both the PolyFit and the FermiFit methods served well in obtaining the target’s
critical points Enter, and Exit,. Table 9.9 shows the error, in seconds, for the critical

point calculation via the PolyFit and FermiFit methods (Table B.11).

Table 9.9 Target Analysis Second Error of Critical Points Enter, and Exit,

Error in Seconds
Enter; | Enter; | Exit, Exit,
PolyFit | 0.163 0.617 0.879 1.135
FermiFit | 0.046 0.502 0.838 1.015

The FermiFit Enter; and Exit, points are independent of the FermiFit analysis
and are dependent completely on the change detection method chosen in the sub-pixel
process.

The challenge encountered with the PolyFit function was how to handle
circumstances with less than six intersection points. If the PolyFit analysis does not find
six intersection points between Polys and Poly,, the algorithm stops working. The
source of this problem traces back to the Enter; and Fxit; critical points retrieved from

the Target Binary Matrix. When target frames are lost during the detection algorithm,
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there are not enough data points to accurately recapture the trapezoid shape. The
successful solution to this issue was to create a patch program that performs a quick error
check during the intersect point calculation. If there are less than six intersection points
found, frames are added to the target sequence until the requirement is met. If all
sequence frames are accounted for, then the target does not exist and the analyzed
sequence categorizes as a false alarm.

The FermiFit analysis is very sensitive to the critical points Enter; and Exit; and
is highly dependent on the detection algorithm for these values. While PolyFit can
adjust for a truncated Target Binary Matrix by adding frames until it meets the six
intersection point criteria, FermiFit does not have this error check. As a result, critical
points Enter; and Exit; do not undergo any refinement in this process and is therefore
less adaptable.

Overall, the best choice for analyzing the target is the PolyFit method due to the
ability of the algorithm to refine the critical Enter; and FExit, data points. For this
method, the main requirement is to detect the target and to get a general estimation of the
target length.

923. Velocity and Length Calculations

A graphical user interface (GUI) ran a series of post processing tests, which
allowed the user to tune the N and FAR values for each scenario (Figure 9.2). The actual
target velocity and lengths were entered into the upper left hand corner of the GUI and

the resulting calculations were displayed adjacently for comparison purposes.
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The scenarios evaluated three types of vehicles, the HUMMWYV (4.57 m length),
the HEMTT (10.19 m length), and the M1070 (24.89 m length). The noise values varied
from 0.01 to 0.03 with 30 tests run on each scenario. The velocity values were randomly
selected from 50% to maximum velocity. The detection and analysis methods varied for
each run to show the modularity of the process. With tuning, the sub-pixel process
detected the target, found the critical target points, and calculated the length and
velocity. Table 9.10 shows the averaging of the length and the percent errors for each

target and noise value; the actual test runs are located in Table B.17.

Table 9.10 Velocity and Length Test Results

Actual Calculated
Target Noise | Length | Length [Lengg% Error| Velocity % Error

HUMMWYV | 0.01 4.57m 4.69 m 2.54 7.99
0.02 440 m 3.69 7.61
0.03 495 m 8.22 14.38

HEMTT 001 | 10.19m | 10.02m 1.69 5.27
0.02 1045 m 1.40 6.22

0.03 10.62 m 431 3.52

M1070 001 | 2489m | 23.10m 7.18 6.51
0.02 2346 m 5.73 11.33

0.03 21.24 m 14.64 3.21

The velocity and length calculations are very sensitive to the tunable parameters.
The accuracy of the algorithm decreases when the noise increases in value, as expected.

Table 9.11 put the results into perspective.
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Table 9.11 Delta Length and Delta Velocity Calculations

Pixel X A Length Delta Velocity
HUMMWYV 30m 0.12m 1.22 m/s 2.73 miles/hr
HEMTT 30m 0.10m 0.19 m/s 0.42 miles/hr
M1070 45m 1.98m 1.02 m/s 2.28 miles/hr

As a post processing tool, the sub-pixel algorithm increases the user’s knowledge
of sub-pixel moving targets. Figure 9.3 shows the bar chart of the calculated lengths.
The targets naturally fall into three categories, which correspond to the specific vehicle

lengths in the test.

Calculated Target Lengths

1"

10 15 20 25 30

Figure 9.3 Bar Chart Showing the Calculated Target Lengths

However, the sub-pixel process is not accurate enough to distinguish between
similar sized vehicles, such as the HEMTT, the M1070 tractor and the PLS truck, which
range from 9.09 to 10.95 m in length. Further work in this area would focus on real-time

processing techniques to automate the N and FAR parameter tuning.
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9.3. Sensor Data Results

The scenarios chosen from the sensor datasets to analyze emulate different sensor
and environmental effects to challenge the robustness of the sub-pixel algorithm. In the
majority of the data sequences, the sensor image was shaky with unregistered frames,
and the terrain was grassy and bumpy. Some scenes were shot with higher wind, causing
the grass to sway, which added clutter noise to the pixel intensity. One data scene had a
relatively stable sequence with minimal jitter. This scene provided the control dataset.

Using all of the sensor data scenarios, the algorithms were still able to detect and
analyze the target. The results show the detection and the target analysis for selected
scenarios with a brief description of the test case. Appendix B contains additional
testing results.

The first set of scenarios evaluated the ability of the sub-pixel algorithm to detect
a target within a variety of rectangular and square pixel shapes. The pixel shapes
directly affect the target time in the frame. For horizontal travel, the size of the pixel in
the y-direction was not as important factor as the size in the x-direction. A longer Pixel
Y did reduce the overall delta intensity, but the detection and analysis methods continued
to perform satisfactorily. Figure 9.4 and Figure 9.5 show the test results of changing the

pixel size.
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The testing scenario enlarged the pixels in both the x- and y-direction as the
original signal did not obtain valid results (Appendix B). Figure 9.4 enlarged the pixel by
a half of a pixel in both directions, while Figure 9.5 enlarged the pixel only half a pixel
in the y-direction and by a full pixel in the x-direction, providing a longer target profile.
Consequently, the results in Figure 9.5 only detected 3 false alarms while the results in
Figure 9.4, detected 11 false alarms. Figure 9.5 showed an improvement in the critical
point calculation.

The algorithms were originally designed for darker background and lighter
targets, i.e. infrared imagery. However, with visible images, this was not always the
case. The pixels with a darker background, which were chosen in the tower’s shadow,
easily detected the lighter target (Figure.9.6). When testing a brightly lit background,
detection was still possible by using the inverse binary matrix of the duration filter

(Figure 9.7).
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These results prompted a coding patch to incorporate the negative threshold and
duration values. The desired results show effective detection in the threshold and

duration algorithms in Figure 9.8.

Threshold Binary Matrix FAR1 Filter Results FAR2 Filter Results
1 1 1
08 08 08
_ 06 _ 08 _ 08
0.4 0.4 0.4
02 0.2 0.2
DD 100 200 00 100 200 DD 100 200
frame frame frame
Duration Binary Matrix FAR1 Filter Results FAR2 Filter Results
1 an 1 M 1 r
0.8 08 08
_ 0B _ 08 _ 08B
0.4 0.4 04
0.2 0.2 02
% 10 20 % 100 20 % 00 200
frame frame frame

Figure 9.8 Detection in Bright Background Scenarios

The target analysis results for the bright background scenario are shown in Figure
9.9. Even though the FermiFit plot is the inverse of the actual signal, the critical points

are still captured.
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In the case of a pixel with both a light and dark background, the detection
algorithm only detects a lighter target. However, the PolyFit algorithm was able to
recover the whole target. It did require parameter modification to allow for a wider input
range than the detected enter and exit points. In this case, the PolyFit analysis created an
inversion instead of a trapezoid model, which is expected if it crosses a background

intensity variation within a frame (Figure 9.10).
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Initially a jittery or changing background during the frame sequence was not
expected to produce results. However, the threshold and the duration methods did detect
a target. The FAPI method had trouble detecting the target in these conditions.
Conversely, the PolyFit and FermiFit were able to approximate the critical points fairly
well. This situation is encountered in the next scenario that has a background intensity
that significantly changes during the frame sequence. Figure 9.11 shows the Threshold

Change Detection, the PolyFit analysis and the FermiFit analysis of this scenario.



131

JuswuodiAuy punoidyoeq Suiduey) ur 10818 [ 3[1QOA JO SISA[eUy [ ['6 2In31]

ewely awey
009 009 ooy 0E o 004 ] 00S ooy 00e 00Z 004 co
SN .
- r‘ SE0 1’0
0
- Q.D —
NN ~ £0
- .17\4(?.; i WVO \S.lulsltl\‘\ln d V C
l..(l.\f(!/.l.\\i
. " s : . %0 S0
sjuIod |B311) paleojes m tabiz] jeuidip Npuua
awey awey aweyy
0o 00s cov 00e 00Z 0oL u] 00C 08l 091 OvL . <8l 08l Gl 174N 9. 09t gal
T T T T T SL00 T T T T 00
[EPYN N FFX PNV - ) . ; 00
- {s€0 . &g********************** 4}
T RN , a0
- vy - - / \ .
N YN . 000 i N 1+0
! 19%°0 . ¢l 0]
. : . . . §) 0 . . . . 710
Sju 04 |emu)) palejnaje] s pbie| eulbic $oApd suoioun 4 H4/j04
awey aulel awey awely swe.)
ooy (1174 0 v 00z C 0oy 03z 0 (1.1 4 00Z 0 oov 1174 0
0 0 0 0 0
ZC 20 ¢ - ¢0 10
¥C L A1] ¥0 ¥0 z0
yL . yu yu m_.o.. m.ol
8 80 890 U U
- | . | U ! -

SUNS3Y J8Y 4 ZHv4

50
sinsey 114 14V “wiew Aieuig ploysay] §Q48Q PIS PloLsay ] ajid Ausuay| (axid ajbuig




132

Both the PolyFit and FermiFit algorithms performed very well in this challenging
environment, Because there were enough initial background frames to establish the
background model in the Threshold Change Detection, it was able to gather the target
information, with only one false alarm due to the abrupt shift in the background
intensity. There were enough low level background frames for the duration algorithm to

work. The FAPI did not detect this target due to a convergence error (Figure 9.12).

Threshold Std Dev Diff Threshald Binary Matrix FART1 Filter Resuits FAR2 Filter Results
1 M 1 M 1 M
08 08 [5X:] 08
o8 _ 06 _ 086 06
a4 04 04 04
0.2 02 02 02
0 0 0 0
0 200 400 0 200 400 0 200 400 0 200 400
frame frame frame frame
Duration Target Signal Duration Binary Matrix FAR1 Filter Results FAR?2 Filter Results
1
1 N 1 . 1 :
08 08 08 08
06 _ a8 _ 08 _ 08
04 04 0.4 04
02 02 02 0.2
0 n [t} 0 0
0 200 400 1} 20 400 0 200 400 0 200 400
frame frame frame frame
FAPI Std Dev Diff FAPI Binary Matrix FAR? Filter Results FAR?2 Filter Results
1
1 1 1
08 08 0.8 08
08 06 _ 06 _ 06
04 0.4 04 0.4
02 02 02 0.2
0 1} 0 0
0 200 400 0 200 400 0 200 400 0 200 400
frame frame frame frame

Figure 9.12 Detection of Mobile Target in Changing Background Environment



CHAPTER TEN

FURTHER WORK

Method analysis and testing results showed the feasibility of the sub-pixel
algorithm for modeled and experimental situations. As with any research project,
endless areas of exploration exist and all of them cannot be confined to a single
dissertation.

The Refinement Through Tracking (RTT) methodology contained in this
dissertation was theoretical in nature, but it is an imperative process needed to
encompass the variety of target trajectories.  Automating the target tracking,
implementing the RTT algorithm into the sub-pixel algorithm, and testing the product is
a project currently on the books.

Another area of research is to make the change detection algorithm more robust
by investigating different initialization weighting matrices for the FAPI algorithm that
provide more convergence reliability and to perform more comparisons of other change
detection methods.

As the PolyFit and FermiFit analysis methods provide an estimation of target
velocity, a refinement algorithm incorporating a Velocity Matched Filter technique
might prove a feasible way to significantly improve target signal intensities [54]. Also,
this analysis used a rectangular pixel as a basis for the calculations. Further work will

investigate other pixel geometries, multiple targets and the algorithm adaptation.

133



134

A major objective of research is to end up with a marketable product. Two
Graphical User Interfaces (GUIs) incorporating the sub-pixel algorithms were designed
as basic prototypes for end user application testing. The next step involves field testing
these designs with a variety of classified datasets containing known targets and
parameters. Future works in application implementation are exploring parallel

processing capabilities and near-real-time execution.



CHAPTER ELEVEN

CONCLUSION

Overall, the process, techniques, and methods presented in this dissertation are
viable. Independent algorithm verification tested the quality and repeatability of the
coding design.

The model data proved the concept works, through the various series of tests.
The tests also indicated how flexible the process is. With slight adjustments, the
parameters of the environment can be adjusted to fine tune the detection algorithms, thus
lowering the false alarm rate. These adjustments can be done real-time, as needed.

The experimental tests validated the process. Because of the limited data
availability, the datasets were taken in a controlled setting from a sensor positioned 18
meters in altitude. The sensor took videos of a single target, which was a remotely
controlled car. However, since the process has proven to be so adaptable, the parameters
can be adjustable and a user with knowledge of their sensor can apply this process and
techniques to yield spectacular results. Due to the modularity of the sub-pixel detection
and characterization process, as sensors change and detection algorithms evolve, the
parameters and new algorithms can be incorporated easily. In essence, this methodology

is an open and adaptable system.
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Applying this technique correctly, should allow the intelligence community to
process copious amounts of data more efficiently and leverage more capability from
existing legacy systems with lower resolution. As an out-of-the-box solution, agencies
can take existing higher resolution systems and elevate them, thus expanding the
imagery capture area and lowering their resolution intentionally to detect moving targets

that otherwise would be outside of their narrower field of view.



APPENDIX A

ALGORITHM VERIFICATION RESULTS
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Table A.1 Algorithm Verification Results
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Algorithm File Tests Results | Method
Target Modeling
InfoSensor - Get sensor information Verified | Test code
InfoTarget - Get target information Verified | Test code
DBTargetTrapP - Plot trapezoid Verified | Test code,
- Incorporate background plots,
- Different noise values hand calcs
- Different jitter values
- Different target intensities
- Different background intensities
- Different frame total values
- Different frame start times
- Plot trapezoid Verified | Test code,
DBTargetTrapMultiP | - Incorporate background plots
- Insert signal in multiple-pixels
- Plot multiple-pixels
- Different background intensities
- Different frame total values
- Different frame start times
- Check target travel in pixels
ExtractNoNoise - Check Enter, calculation Verified | Test code,
- Check Exit; calculation plots,
- Plot results hand calcs
AddNoise - Add noise to single-pixel Verified | Test code,
- Add noise to multiple-pixel plots,
- Add noise to target signal hand calcs
- Test Gaussian profile
- Test random functions
- Plot results
AddJitter - Jitter complex background Verified | Test code,
- Test with inserted signal plots,
- Jitter less than 1 pixel hand calcs
- Jitter more than 1 pixel
- Plot results
Target Detection
DetectDuration - Vary N values Verified | Test code,
- Test histogram function plots
- Test filter calculation
- Test [Duration
- Test TargetBinary
- Test repeatability
- Plot results
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DetectThreshold

- Vary N values

- Vary gamma values

- Test threshold calculation
- Test ZetaPixel calculation
- Test PixelDelta

- Test TargetBinary

- Plot Results

Verified

Test code,
plots

DetectFAPI

- Test Vectorization

- Test Badeau’s initialization matrix

- Test Simonson’s initialization matrix
- Test with complex background

- Test FAPIPixel

- Test XBack

- Plot Results

Verified

Test code,
plots

DetectFAR1

- Test different F1 values
- Plot BinaryMatrixNew

Verified

Test code,
plots

DetectFAR2

- Test different F2 values
- Plot BinaryMatrixNew

Verified

Test code,
plots

NumberTargets

- Test Enter, calculation

- Test Exit; calculation

- Test # targets calculated
- Print results

Verified

Test code

Target Analysis

AnalyzeFermiFit

- Test parameter calculations
- Test method to choose ¢

- Test Enter; calculation

- Test Enter, calculation

- Test Exit; calculation

- Test Exit, calculation

- Test repeatability

- Plot results

Verified

Test code,
plots

AnalyzePolyFit

- Test PolyFit functions

- Test findpeaks functions

- Test intersection calculations
- Test Enter, calculation

- Test Enter, calculation

- Test Exit; calculation

- Test Exit, calculation

- Plot results

Verified

Test code,
plots
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Table B.1 Detection Comparison: Sensor and Target Information
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120 30 30 0.01 025 3 2489 368 16829 02 09 60 237 274 451
120 30 30 0.01 0.25 4 908 259 13107 02 09 60 143 335 418
120 30 30 0.01 025 6 832 243 168 02 09 60 119 274 333
120 30 30 0.01 0.25 S 19.27 244 17302 02 09 60 194 268 402
120 30 30 0.01 028 4 908 259 17915 02 09 60 121 261 322
120 30 30 0.0t 025 4 908 259 20.081 02 09 60 114 239 293
120 30 30 0.01 025 3 2489 368 14.001 02 09 60 273 317 530
120 30 30 0.01 025 3 24389 368 13677 02 09 60 278 323 541
120 30 30 0.01 0.25 4 908 259 14.131 02 09 60 137 35 392
120 30 30 0.01 0.25 3 2489 3.68 12323 02 09 60 302 352 594
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Table B.2 Detection Comparison: Threshold Detection Results

Threshold
Threshold Ny #T Enl Ex2 FAR1 AT Enl Ex2 FAR2 #T Eal Ex2  DiffTEnl DiffTEx2
2 l 1 61 s 15 1 61 115 30 1 61 115 0.0333 0.0000
2 i 1 61 153 15 1 61 153 30 1 61 153 0.0333 0.0000
2 1 1 61 i39 15 1 61 139 30 1 61 139 0.0333 0.0000
2 1 1 61 107 15 1 61 107 30 1 61 107 0.0333 0.0000
1 1 | 61 143 15 1 61 143 30 1 61 143 0.0333 0.0000
1 1 1 61 153 15 1 61 153 30 1 61 153 0.0333 0 0000
1 1 1 61 140 15 1 61 140 30 1 61 140 0.0333 0.0000
1 1 1 61 126 15 1 61 126 30 1 61 126 0.0333 0.0000
! 1 1 61 114 15 1 61 114 30 1 61 114 00333 0.0000
1 1 1 61 148 15 ! 61 148 30 1 61 148 0.0333 0.0000
t 1 t 61 133 15 t 61 133 30 1 61 133 0.0333 0.0000
t 1 { 61 150 15 H 61 150 30 1 61 150 0.0333 0.0000
t 1 I 61 174 15 t 61 174 30 i 61 174 0.0333 0.0000
1 1 I 61 123 15 t 61 123 30 1 61 123 0.0333 0.0000
1 I 1 61 168 15 i 61 168 30 i 61 168 0.0333 0.0000
] 1 1 61 150 15 t 61 150 30 I 61 150 00333 0.0000
1 i 1 61 112 15 1 61 t12 30 1 61 112 00333 0.0000
I t I 61 147 15 1 61 147 30 i 61 147 0.0333 0.0000
i 1 1 61 16 15 1 61 116 30 i 61 1te 0.0333 0.0000
i 1 i 61 155 15 1 61 155 30 i 61 155 0.0333 0.0000
i I ! 61 254 t5 1 61 254 30 H 61 254 0.0333 0.0000
! 1 H 61 141 15 1 61 141 30 i 61 141 0.0333 0.0000
i 1 i 61 148 15 i 61 148 30 t 61 148 0.0333 0.0000
! 1 { 61 153 15 1 61 153 30 H 61 153 0.0333 0.0000
1 ] 1 61 188 15 1 61 138 30 | 61 188 0.0333 0.0000
1 1 1 61 246 15 1 6t 246 30 i 61 246 0.0333 0.0000
1 1 1 61 167 15 1 61 167 30 1 61 167 00333 0.0000
1 H 1 61 176 15 1 61 176 30 1 61 176 0.0333 0.0000
1 f 1 61 204 15 1 61 204 30 1 61 204 00333 0.0000
1 ] 1 61 191 15 1 61 191 30 1 61 191 00333 0.0000
1 i 1 61 191 15 1 61 191 30 1 6t 193 00333 0.0000
! i 1 61 7 15 1 61 i 30 1 6t 174 0.0333 0.0000
! I 1 61 224 15 1 61 224 30 1 61 224 0.0333 0.0000
1 t ! 61 175 15 ! 61 175 30 1 61 175 0.0333 0.0000
1 t 1 61 163 15 1 6l 163 30 i ol 163 0.0333 0.0000
1 1 1 61 195 15 1 61 195 30 1 61 195 0.0333 0.0000
1 1 1 61 185 15 1 61 185 30 1 61 185 00333 0.0000
1 1 1 61 189 15 1 61 189 30 1 2] 189 0.0333 0.0000
1 1 1 61 181 15 1 61 181 30 i 61 181 0.0333 0.0000
1 1 1 61 199 15 1 61 199 30 1 61 199 0.0333 0.0000
1 1 1 61 98 15 1 61 98 30 i 61 98 0.1000 0.0000
1 1 1 61 80 15 | 61 80 30 0 0 (¢} 0.1000 Q.0000
1 1 1 61 97 15 1 61 97 30 1 61 97 0.1000 0.0000
1 1 1 61 84 15 1 61 84 30 0 0 0 0.1000 0.0000
! ! 1 61 84 15 1 61 84 30 0 0 0 0.1000 0.0000
1 1 1 61 76 15 i 61 76 30 0 0 0 0.1000 0.0000
i 1 1 61 84 15 1 61 84 30 0 0 ¢ 0.1000 0.0000
1 1 i 61 95 15 1 6l 95 30 1 61 95 0.1000 0.0000
1 1 1 61 75 15 1 6l 75 30 0 0 0 0.1000 0.0000
1 1 i 61 87 15 t 61 87 30 0 0 0 0.1000 3.0000
1 1 1 61 93 15 1 61 93 30 1 61 93 010060 6.0000
1 1 1 61 84 15 1 61 84 30 0 0 0 0.1000 0.0000
1 1 1 61 88 15 i 61 88 30 0 0 0 0.1000 0.0000
! 1 t 61 84 15 1 61 84 30 0 0 0 0.1000 0.0000
1 1 1 61 75 15 1 61 75 30 Q0 0 0 0.1000 0.0000
1 1 1 61 77 15 i 61 77 30 9 0 0 0.1000 0.0000
1 1 1 61 89 15 ! 61 89 30 0 0 0 0.1000 0.0000
1 1 i 61 83 15 1 61 83 30 0 0 0 0.1000 0.0000
1 1 1 61 73 15 1 61 73 30 (1] 0 0 0.1000 0.0000
i 1 1 61 71 15 1 61 77 30 0 0 1} 0.1000 0.0000
1 1 82 8 10 15 7 41 259 30 3 41 259 1.7333 35667
| 1 123 98 17 15 2 2 515 30 2 2 515 1.2667 1.4000
1 1 32 114 121 15 12 78 165 30 2 78 165 1.8000 1.7667
I 1 i Hi 394 15 10 461 571 30 4 461 571 11.0000 8.0000
2 1 0 0 0 15 0 0 0 30 0 0 0 2.0000 38333
2 1 8 85 88 15 i 75 116 30 i 75 111 0.8333 2.0667
2 i t 75 76 15 1 75 76 30 0 0 0 06.5000 1.7667
2 1 2 80 81 15 2 80 81 30 0 0 0 06667 16333
2 i 31 84 87 50 30 291 467 30 2 29 467 0.8000 19333
2 I 36 88 90 50 3 180 461 30 2 180 461 0.9333 08333
2 1 16 127 131 50 i 81 164 30 I 8] 164 22333 1.9000
2 1 2 75 76 50 1 75 94 30 0 [ 0 0.5000 1.5000
2 t i0 89 92 50 i 68 145 30 1 68 145 0.9667 21000
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1.5250
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04750
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13333
0.8667
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0.1333
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02167
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1.4500

0.6500
1.5000
16833
1.0583
17417
0.7583
1.1583
11583
£.9917
13167

148



Table B.3 Detection Comparison: Duration Detection Results
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93
75
87
92
83
87
84
75
77
88
83
73
76
70
146
135
83
105
442
85
133
103
86
12
82
86

FARI
15
15
15
15
15
15
s
15
s
15
15
15
is
15
I5

is
15
15
15
15
15
15
s
15
15
15
15
15
15
15

15
15

15
15
B}
5
t5
5

15
15
15
15
15
15
15
15
15
5
15
15
15
5
is
is
15
5
15
is
15
15
15
15
15
15
15
15
15
15
15

#

O RO o W 00 e o B) e mm em e i e e e e o e o e s e e e e e ke e e e e e o em e e = e hm e e b e e ma e e e ot e e e e e m - . . —

T

Enl

68

228223

Ex2
1o
146
128
104
138
150
138
124
112
146
131
147
170
121
165
143

145
114
152
247
138
145
147
i78
236
159
170
196
86
i87

213
169
155
188
180
185
174
192
97
79
96
84
84
76
84
93
75
87
92
83
87
84
75
77
88
83
73
76
101
5%
595
142
595
596
413
460
137
596
189
595
381

FAR2
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
36
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30

30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30

3*
3

BN e m N e - O 000D DD D DO O D e e e e mw mm e mm e b e ot b e o m e e e e o e e e e e ek e e e e o e . -

Enl

o
cCoocCcOoORoOoOO0OCRNS o

=N
& N D

81

H#

68

69

53

Ex2
110
146
128

138
150
138
124
112
146
131
147
1706
121
165
143

145
114
152
247
138
145
147
178
236
159
170
196
186
187

213
169
155
188
180
185
174
192

—_ 000 OO QR

[V IRV ARV SV,
OO&\OSO
P- v v Y

413
460
137
596
189
595
381

Duration
DiffDEn1
0.2000
0.2667
0.4000
0.1333
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0.1000
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0.2667
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0.2667
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0.3000
0.1000
0.1000
0.2000
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0.1000
0.1000
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0.1000
0.1000
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0.3000
0.1000
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0.7000
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0.1000
0.2333
0.1000
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0.1000
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0.1000
0.1000
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0.0000
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0.0000
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0.0000
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0.1000
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1.4667
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1.2667
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0.9333
1.8667
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16167
1.2667
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20333
0.7833
1.6833
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0.8167
0.1833
41333
0.3500
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0.2667
0.6167
0.7833
0.3667
0.5667
0.5500
14167
0.6667
0.3750
22250
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0.9250
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03667
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21750
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1.6750
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1.6917
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0.4500
0.6833
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0.2083
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0.1667
0.3667
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0.7000
0.8417
0.5333
15167
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1.8250
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0.3083
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18333
1.9750
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0.8083
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1.5083
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0.4667
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11333
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21583
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13250
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0.8667
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1.6583
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0.2250
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1.0333
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13333
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1.5917
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1.0833
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0.3750
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0.4333
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0.8083
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09333
1.8000
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0.2500
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02750
0.2250
0.1917
0.1917
08583
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Table B.4 Detection Comparison: FAPI Detection Results
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Table B.5 Analysis Comparison (w/Threshold Detect): Sensor and Target

157

Information
S S Pixel Pixel Nois Jitte T Lengt Widt Ib 1Tg ] En En Ex Ex
Info Rate X Y e r Info # h h Speed k t Noise i 2 1 2

16.357

120 30 30 001 0 4 9.08 259 4 02 09 60 127 280 347
16.521

120 30 30 0.01 0 5 19.27 244 6 0.2 0.9 60 200 278 418
20.501

{20 30 30 0.01 0 5 19.27 2.44 9 02 0.9 60 173 236 349
16.614

20 30 30 0 G 2 10.19 2.44 7 02 09 60 134 277 351
18.783

120 30 30 ¢} 0 2 1019 244 9 02 09 60 125 252 317
20.132

120 30 30 [ 0 1 457 216 1 02 09 60 87 239 266
19.082

120 30 30 o 0 s 1927 2.44 1 0.2 0.9 60 181 249 370
27225

120 30 30 0 0 1 4.57 2.16 5 0.2 09 60 80 192 212
14.254

120 30 30 0 0 4 908 259 2 02 0.9 60 136 313 389
28.584

120 30 30 0 0 i 457 2.16 8 02 09 60 79 186 205
21713

120 30 30 0 0 5 1927 244 2 02 09 60 166 226 332
16710

120 30 30 0 0 2 1019 244 4 02 09 60 133 275 348
16378

120 30 30 0 0 5 19.27 244 3 02 09 60 201 280 421
17.041

120 30 30 0 o 1 4.57 216 s 02 09 60 92 271 303

120 30 30 0 0 2 10.19 244 22.369 02 0.9 60 s 221 276
21.706

120 30 30 0 0 1 457 216 2 02 09 60 85 226 251
15.759

120 30 30 ] 0 5 19.27 244 6 02 09 60 207 288 435
17.420

120 30 30 0 0 4 9.08 259 9 0.2 09 60 123 267 330
14.234

120 30 30 0 0 2 1019 244 2 02 09 60 i46 313 399
21810

120 30 30 0.04 0 2 10.19 244 4 02 09 60 116 225 281
20.940

120 30 30 0.04 [¢] 6 832 243 3 02 09 60 108 232 280

120 30 30 0.04 0 S 19.27 244 18.386 02 09 60 186 256 382
15.235

120 30 30 0.04 0 4 9.08 2.59 8 02 09 60 132 296 368
15.543

120 30 30 0.04 0 4 9.08 2.59 1 02 09 60 130 292 362

120 30 5 004 0 4 908 259 11 749 02 09 60 153 366 459
15645

120 30 5 0.04 0 2 10.19 244 5 02 09 60 138 290 368
20122

120 30 s 0.04 0 2 10.19 244 7 02 09 60 121 239 300
15.552

120 30 ) 0.04 0 4 9.08 259 6 02 09 60 130 291 361
23284

120 30 5 0.04 0 6 832 243 H 02 09 60 103 215 258
18 955

120 30 M 0.04 0 4 9.08 2.59 5 02 09 60 117 250 307
18 052

20 30 S 0.04 ¢ 6 832 243 2 02 0.9 60 s 259 314
24,508

120 30 S 0.04 1] 2 10.19 244 2 02 09 60 1o 207 257
15052

120 30 5 0.04 0 5 19.27 244 1 02 09 60 214 299 453
26334

120 30 5 004 4] 1 4.57 2.16 s 02 09 60 81 197 218
13837

120 30 5 0.04 0 6 832 2.43 7 02 09 60 132 320 392
15643

120 30 N 004 0 4 9.08 2.59 5 02 09 60 130 290 360
15.305

120 30 5 0.04 0 3 24 89 3.68 6 02 09 60 255 295 490
18 564

120 30 5 004 0 2 10.19 244 2 02 09 60 126 254 320

90 30 5 0.02 0 3 2489 368 15.262 02 09 60 207 237 384
20.895

90 30 5 0.02 0 1 457 216 9 02 09 60 80 189 209
15983

90 30 5 0.02 0 3 2489 368 9 02 09 60 200 229 369
22,602

90 30 5 0.02 0 1 457 2.16 5 02 09 60 8 179 197
20.752

90 30 5 0.02 0 1 457 2.16 3 02 09 60 80 190 210
22509

50 30 5 0.02 0 6 8.32 243 8 0.2 0.9 60 93 180 213
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16013

90 30 S 0.02 2489 368 2 02 09 60 200 229 369
15448

90 30 5 002 10.19 244 5 02 09 60 19 235 294
16.011

90 30 5 0.02 832 243 1 02 09 60 107 229 276
10.565

90 30 5 002 24 89 368 2 02 09 60 272 316 528
13.783

90 30 10 0.02 9.08 259 9 02 09 60 119 256 315
18.380

90 30 10 0.02 2489 368 7 02 09 60 182 207 329
19.937

90 30 10 0.02 9.08 259 7 02 09 60 101 195 236
14.683

90 30 10 0.02 2489 368 7 02 09 60 214 244 398
20277

90 30 1o 0.02 19.27 244 8 02 09 60 146 193 279
20509

90 30 i0 0.02 832 243 5 0.2 09 60 97 192 229
13.352

90 30 10 0.02 1927 2.44 4 02 09 60 190 262 392
19.858

90 30 10 0.02 832 243 6 02 09 60 98 196 234
11.593

90 30 0 002 9.08 259 8§ 02 09 60 130 293 363
12 806

90 30 10 002 9.08 259 3 02 09 60 124 N 335

90 30 30 0.02 2489 368 19318 02 09 60 176 200 316
18 449

20 30 30 0.02 832 243 9 02 [ 60 101 206 247
17.600

90 30 30 0.02 19.27 244 2 02 09 60 159 213 32
12.661

90 30 30 0.02 2489 3.68 1 0.2 09 60 237 273 450
24.497

90 30 30 0.02 832 243 7 02 09 60 91 170 201
11789

90 30 30 0.02 2489 368 7 02 09 60 250 289 479
19 450

90 30 30 0.02 457 216 7 02 09 60 8t 19 220
19.727

90 30 30 0.02 19.27 2.44 9 02 09 60 148 197 285
10 488

90 30 30 0.02 2489 3.68 8 02 09 60 274 317 531

S0 30 30 0.02 457 216 18959 02 0.9 60 82 202 224

Table B.6 Analysis Comparison (w/ Threshold Detection): PolyFit and FermiFit

Results
Threshold N #T FAR2 #T Enl Ex2 Poly Enl En2 Exi Ex2 Fermi  Enl En2 Ex! Ex2
3 f 51 30 i 87 328 629 131 289 345 629 138 270 345
3 i 25 30 i 101 378 587 196 276 419 587 184 284 419
3 { 24 30 i 73 336 499 172 239 352 499 160 242 352
3 t 1 30 i 107 308 60.7 136 275 350 61 144 267 350
3 i 1 30 i 101 277 60.1 127 250 317 60 136 242 N7
3 ! 0 30 0 0 0 60.1 127 250 317 60 133 244 317
3 t 1 30 i 100 331 608 173 254 369 61 177 252 369
3 f 0 30 0 0 0 60.8 173 254 369 61 155 275 369
3 i 1 30 i i 339 56.4 141 307 393 56 157 292 393
3 i 0 30 0 0 0 56.4 141 307 393 56 155 294 393
3 t 1 30 1 95 298 60.6 158 230 331 61 162 225 331
3 i 1 30 ! 106 303 60.7 135 273 347 61 143 265 347
3 £ 1 30 i 107 375 616 191 286 419 62 196 284 419
3 i 0 30 0 0 0 616 191 286 419 62 173 308 419
3 i 1 30 i 95 242 60.1 117 219 276 60 123 213 276
3 t 0 30 0 0 0 60.1 117 219 276 60 120 216 276
3 i 1 30 i 109 387 616 197 295 433 62 201 292 433
3 H 1 30 1 102 289 572 127 263 332 57 137 252 332
3 i 1 30 i 114 346 61.5 148 3t 397 62 154 300 397
2 { 132 30 2 23 405 0.76 157 325 341 H 117 225 341
2 i 140 30 0 0 [} 0.76 157 325 341 i 242 341
2 i 125 30 2 20 508 287 228 408 s17 29 206 340 517
2 1 127 30 0 0 ] 287 228 408 517 29 183 363 517
2 1 121 30 3 21 395 491 119 276 385 49 166 268 385
2 1 53 30 i 22 477 304 211 292 493 30 185 345 493
2 i i 30 2 20 38t 337 195 253 392 34 164 262 392
2 I 84 30 i 23 408 316 178 330 416 32 169 288 416
2 1 78 30 0 0 0 316 178 330 416 32 159 288 416
2 i 90 30 2 21 420 333 132 278 425 33 162 296 425
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2 i 86 30 2 60 325 44.1 138 221 339 44 149 242 339
2 l 85 30 2 66 331 52.5 128 233 340 53 158 234 340
2 i 57 30 1 3 250 58.4 106 208 258 58 18 198 258
2 1 53 30 i 79 456 568 206 215 482 57 202 338 482
2 i 101 30 4 61 210 589 903 191 214 59 992 174 214
2 1 66 30 t 61 385 456 143 3i2 408 46 153 301 408
2 1 74 30 2 63 352 445 139 283 365 44 162 247 365
2 1 40 30 I 58 488 304 339 212 518 30 198 350 518
2 1 81 30 2 75 299 593 124 254 313 59 133 239 313
2 1 64 30 N 22 388 337 322 251 387 34 162 259 387
2 1 109 30 3 58 209 575 843 188 207 58 841 181 207
2 1 53 30 3 22 403 347 295 152 3%0 35 157 268 390
2 1 104 30 S 52 204 565 855 177 200 56 882 168 200
2 1 83 30 1 50 211 5§33 844 194 209 53 865 176 209
2 1 101 30 5 61 246 519 127 237 241 52 118 175 241
2 1 53 30 1 62 368 387 188 243 370 59 171 258 370
2 i 77 30 2 64 308 387 165 324 301 39 132 208 301
2 I 87 30 1 55 282 57 Hi 226 277 57 106 229 277
2 1 29 30 1 61 524 585 253 335 530 59 225 363 530
2 I 68 30 1 80 314 66.7 120 264 312 67 139 240 3i2
2 I 68 30 2 63 338 616 169 200 337 62 159 240 337
2 1 105 30 s 62 243 60.7 997 197 235 61 107 189 235
2 i 68 30 4 70 392 60.7 197 260 397 61 182 276 397
2 1 97 30 2 64 287 583 142 187 283 58 137 204 283
2 ! 84 30 2 63 228 608 985S 195 229 61 993 191 229
2 1 [3] 30 i 40 387 484 208 267 390 48 173 265 390
2 1 107 30 3 20 232 227 144 212 233 23 659 191 233
2 1 58 30 1 83 361 65.3 135 296 359 65 46 278 359
2 1 75 30 1 38 327 447 125 268 33 45 126 250 331
2 1 91 30 3 7t 309 64 st 225 312 64 i85 221 312
2 1 12 30 2 174 229 196 183 250 806 196 942 183 81
2 1 105 30 3 90 285 62.7 173 269 287 63 121 229 287
2 1 75 30 3 21 456 303 372 289 453 30 191 292 453
2 1 134 30 3 70 138 63.3 778 125 88 63 874 163 188
2 1 73 30 2 64 488 516 228 323 475 52 224 303 475
2 1 131 30 4 92 183 709 662 175 189 7 76.4 184 189
2 1 109 30 2 22 280 359 424 207 273 36 102 207 273
2 1 54 30 1 52 515 46.7 257 345 533 47 223 357 533
2 1 125 30 3 99 196 91.2 115 183 196 91 992 188 196
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Table B.7 Analysis Comparison (w/ Duration Detect): Sensor and Target Information

SInfo SRate PixelX PixelY Noise Jitter Targ # Length  Width  Speed Ibk ITgt ONoise Enl En2 Exi Ex2
120 30 30 0.01 0.05 4 9.08 2.59 19.2456 02 09 60 117 247 304
120 30 30 0.01 0.05 S 19.27 244 16.9973 02 09 60 196 272 408
120 30 30 0.01 0.05 2 10.19 244 248741 02 09 60 109 205 254
120 30 30 0.0t 0.05 3 24.39 368 12.998 02 0.9 60 290 337 567
120 30 30 0.01 0.05 5 19.27 244 135824 0.2 09 60 230 325 495
120 30 30 601 005 5 19.27 244 170304 02 09 60 196 271 407
120 30 30 0.01 0.05 3 24.89 3.68 14.4398 0.2 0.9 60 267 309 516
120 30 30 0.01 0.05 5 19.27 244 227559 02 09 60 162 218 320

10 30 30 001 005 6 832 243 159028 02 09 60 65 79 84
10 30 30 0.01 0.05 1 457 216 202498 02 0.9 60 62 75 7
i 30 30 0.01 0.0s 2 10.19 244 18.4967 02 0.9 60 66 76 82
10 30 30 001 005 1 457 216 176384 02 09 o0 63 77 80
10 30 30 001 005 4 9.08 259 174494 02 09 60 65 77 82
10 30 30 001 0.05 4 9.08 2.59 16.282 02 09 60 66 78 84
10 30 30 0.01 0.05 5 19.27 2.44 144018 0.2 09 60 73 81 94
10 30 30 001 008 6 832 243 142904 02 09 60 66 81 87
10 30 30 0.01 0.05 6 832 243 18.2569 02 09 60 (33 76 81
10 30 30 0.01 0.05 4 9.08 2.59 15 5979 02 09 60 66 79 85
30 30 30 0.0t 005 4 9.08 259 121187 02 09 60 82 134 156
30 30 30 00t 005 6 832 243 283133 02 09 60 70 9% 106
30 30 30 Q.01 0.05 2 10.19 244 153386 62 09 60 80 i19 139
30 30 30 0.01 0.05 1 4.57 2.6 22.1056 02 09 60 66 (] 107
30 30 30 601 005 6 832 243 253133 02 09 60 0 9% 106
30 30 30 00t 0.05 4 9.08 259 12.1187 0.2 09 60 82 134 156
30 30 30 00} 0.05 6 832 243 253133 02 0.9 60 70 96 106
30 30 30 0.01 0.05 2 10.19 244 15.3386 02 09 60 80 119 139
30 10 30 001 005 1 457 216 22105 02 09 60 66 101 107
60 30 30 00t 0.05 3 2489 3.68 18.8432 02 09 60 139 156 235
60 30 30 0.01 0.05 4 9.08 2.59 19.5218 02 09 60 88 152 180
60 30 30 0.01 005 3 24 89 368 12.8738 02 09 60 176 200 36
60 30 30 0.01 0.05 4 9.08 2.59 16.5197 02 09 60 93 169 202
60 30 30 001 0.05 ! 457 2.16 251346 02 09 60 7t 132 143
60 30 30 001 005 3 24 89 368 150369 02 09 60 159 180 279
60 30 30 0.01 0.05 i 4.57 2.16 16.4862 02 09 60 77 169 186
60 30 30 0.01 005 5 19.27 244 24.562 02 09 60 107 133 180
60 30 30 0.01 0.05 4 9.08 2.59 14.4115 02 09 60 98 185 223
60 30 30 0.01 0.05 4 9.08 2.59 19.3816 02 09 60 88 153 181
60 30 30 0.01 0.05 1 457 2.16 18.2653 02 09 60 75 159 174
%0 30 30 0.01 0.05 5 19.27 244 231095 02 09 60 110 138 188
60 30 30 0.01 0.05 3 2489 368 16.3089 0.2 09 60 152 170 262
60 30 30 0.0t 0.05 6 832 243 24.9397 0.2 09 60 80 132 152
60 30 30 G.01 0.05 6 832 243 213418 02 09 60 83 144 167
90 30 30 0.01 0.05 2 10.19 244 225002 02 09 60 101 180 221
90 30 30 0.01 0.05 2 10.19 244 16.9493 02 09 60 114 219 273
90 30 30 0.01 0.05 3 24.89 3.68 174372 02 09 60 188 215 343
90 30 30 0.01 0.05 6 832 243 15.2469 02 0.9 60 109 237 286
90 30 30 0.01 0.08 2 10.19 244 205342 02 09 60 105 191 236
90 30 30 0.0l 0.05 1 4.57 216 255661 02 0.9 60 76 166 182
90 30 30 0.0t 0.05 5 19.27 244 14.1915 02 09 60 182 250 372
90 30 30 0.01 0.05 5 19.27 244 2363 02 09 60 {33 174 247
90 30 30 001 0.05 4 9.08 259 17.1668 02 0.9 60 108 217 265
90 30 30 0.01 0.05 6 8.32 243 23.8287 02 0.9 60 9] 173 204
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Table B.8 Analysis Comparison (w/ Duration Detect): PolyFit and FermiFit Results

Duration N #T FAR2 #T Eni Ex2  Poly Enl En2 Ext Ex2 Fermi  Enl En2 Ex! Ex2
3 45 30 1 91 276 57.7 107 247 303 58 124 237 303
3 21 30 1 130 344 706 193 300 400 7 191 280 400
3 27 30 1 97 234 15.8 145 198 253 16 591 210 253
3 22 30 1 137 492 7.1 266 351 558 7 249 380 558
3 30 30 1 115 432 73.1 249 388 502 3 3 344 502
3 26 30 1 132 340 54.7 226 286 403 55 179 279 403
3 9 30 1 130 447 65.1 254 331 514 65 231 348 514
23 3 17 30 1 13 276 674 171 226 332 67 154 245 332
3 5 30 0 0 0 67.4 171 226 332 67 148 245 332
3 3 30 0 0 0 67.4 171 226 332 67 148 251 332
3 s 0 1 63 77 578 651 78 821 60 674 77 82
3 4 0 1 63 77 504 70.3 747 836 60 67 76.5 80
3 4 0 I 65 81 611 652 784 814 60 675 765 82
3 2 0 1 67 77 604 646 777 861 60 656 764 84
3 ! 0 1 68 84 589 M5 100 928 60 692 848 94
3 3 0 H 71 79 589 734 102 849 60 678 792 87
3 3 0 H 66 73 508 666 746 821 60 659 751 81
33 3 3 0 H 65 82 588 678 79 855 60 68.4 766 85
3 14 0 ! 75 137 57 876 132 167 60 864 130 156
3 11 0 | 68 105 60.2 76 893 116 60 696 964 106
3 S 0 { 79 119 56.3 811 120 141 60 733 126 139
3 5 0 1 65 97 586 784 110 113 60 685 985 107
3 11 0 1 68 105 602 76 893 16 60 696 964 106
3 14 0 1 75 137 57 876 132 167 60 864 130 156
3 11 0 1 68 105 60.2 76 893 31 60 696 964 106
3 9 0 1 9 119 563  81.1 120 141 60 73 126 139
975 3 5 [} 1 65 97 586 784 110 113 60 685 985 107
3 3 0 1 92 204 481 173 150 240 60 103 191 235
3 20 0 1 80 164 55.8 894 140 187 60 867 143 180
3 13 0 1 97 278 455 224 171 327 60 156 220 316
3 24 o 5 66 204 $3.5 929 168 207 60 160 162 202
3 13 0 1 69 135 588 712 134 146 60 829 120 143
3 6 [} 1 95 242 50.4 182 146 295 60 125 214 279
3 29 0 5 67 117 574 743 173 183 60 875 158 186
3 10 0 1 90 151 539 121 100 180 60 874 153 180
3 32 0 1 88 198 523 110 170 232 60 855 194 223
3 27 [ 1 72 168 576  90.7 142 190 60 885 153 181
3 6 [ 1 n 159 46 959 165 175 60 784 156 174
3 10 0 1 82 172 54.3 114 268 225 60 977 150 188
3 7 [ 1 88 228 523 163 134 276 60 114 208 262
3 5 0 ] 68 145 545 87 135 155 60 898 122 152
15.73333333 3 13 0 1 80 143 454 86.6 139 172 60 917 i35 167
3 27 o 1 84 210 54.5 101 174 231 60 107 174 22t
3 30 0 i 79 240 48.1 117 198 290 60 121 212 273
3 i3 0 1 116 288 486 218 198 352 60 167 236 343
3 29 0 2 170 241 515 117 230 298 60 131 215 286
3 26 0 1 88 208 54.7 102 192 243 60 105 i91 236
3 16 1] t 69 169 463 909 165 191 60 863 156 182
3 24 [} i 125 318 445 199 177 382 60 183 249 372
3 12 0 1 105 205 473 191 159 256 60 106 201 247
3 24 0 1 97 227 489 125 193 281 60 17 208 265
218 3 17 1] 2 126 169 573 93.3 162 205 60 101 163 204
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Table B.9 Analysis Comparison (w/ FAPI Detect): Sensor and Target Information

Pixel Pixet iTg En En Ex
S Rate X Y Noise  Jitter Tar # Length Width Speed bk t | 2 i Ex2
120 30 30 0.02 025 4 9.08 259 10.7529 02 09 60 161 395 496
120 30 30 0.02 025 3 24 89 368 15.7323 0.2 09 60 250 289 479
120 30 30 0.02 0.2s 6 832 243 2221 02 0.9 60 105 222 267
120 30 30 0.02 0.25 4 9.08 2.59 18.131 02 09 60 120 259 319
120 30 30 002 0.25 4 908 2.59 16.5743 02 09 60 126 277 343
120 30 30 0.02 0.25 5 19.27 244 19.3292 02 09 60 180 246 366
120 30 30 0.02 025 6 832 243 20.0954 02 0% 60 e 239 289
120 30 30 0.02 025 1 457 216 17.9799 02 09 60 91 260 291
120 30 30 0.02 025 4 9.08 2.59 14.5874 0.2 0.9 60 135 307 382
Table B.10 Analysis Comparison (w/ FAPI Detect): PolyFit and FermiFit Results
FAPL
N ¥ AT FAR2 #T Enl Ex2 Poly Enl En2 Exl Ex2 Fermi Enl En2 Ex! Ex2
3 1 5 30 i 85 470 55 155 39 507 55 172 327 507
3 ! I 30 i 98 441 68.9 243 172 489 69 225 323 489
3 ! 2 30 i 101 248 786 119 29 280 79 149 223 280
3 1 0 30 0 0 0 786 119 229 280 79 134 225 280
3 I 12 30 i 107 299 S1.1 132 290 315 5t 130 297 315
3 I 2 30 i 85 339 551 195 252 364 55 137 222 364
3 1 10 30 2 91 186 734 %46 208 234 KK 119 210 234
3 1 0 30 0 0 0 734 946 208 234 73 107 200 234
3 ] 0 30 0 0 0 734 946 208 234 73 107 200 234

Table B.11 Sample Rate Analysis Data from Analysis Comparison w/ Duration

Detect
PE1 Pe2 Pexi Pex2 Fent Fen2 Fexl Fex2

10 0316 2353 3.464 5141 0.140 1.862 3.545 5.03 2.818
30 0.163 0.208 0258 0.246 0.000 0.106 0104 0 0219
60 0.126 0204 0314 0.131 0.000 0.242 0.250 0 0.194
90 0.109 0.170 0195 0.1t 0.000 0.126 0.126 0 0.146
120 0.103 0.151 0.165 0.046 0.102 0.172 0.166 0.045833333 0116

0.163 0617 0.879 1.135 0.502 0838

0967 0.82 1 029 0.870

Table B.12 Pixel Size Analysis Data from Analysis comparison w/ Threshold Detect

HY
30

PE1

0762
0.902
1.247
0.960

Pe2

0.905
1.027
0.968
0.967

Pex|

0.704
0784
0977
0.820

Pex2

3.049
3417
3319
3.262

Fenl

0.761
0.901
1216
0.959

Fen2

0.996
1.144
0992
1044

Fexl

0.658
0.860
1.042
0854

Fex2

3
3
3
3

049
419
319
262

1.354
1.532
1620




Table B.13 Noise Effects Results in Detection Testing
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Info S Rate Pixel X Pixel Y
60 30 30
Threshold Duration FAPI
Du FAR FAR FPL FPI FAR FAR
N #F Act Det ThD ThFA FARD FAR FA DuD FA D FA D FA D FA

1 600 339 232 116 339 239 132 51 319 183 339 241 339 241
600 55 50 136 155 416 100 244 155 440 95 204 o 240
600 467 319 40 467 106 243 20 444 96 421 29 444 7
600 198 91 95 198 378 69 59 198 193 156 20 178 0
600 238 130 158 238 337 141 179 238 349 238 342 238 342
600 241 132 110 241 330 92 52 241 204 237 165 241 275
600 220 92 104 220 357 17t 247 220 378 220 360 220 360
600 189 60 75 189 356 84 118 189 341 90 4 151 0
600 192 96 128 192 385 123 179 192 403 192 388 192 388
600 248 93 98 245 322 24 0 159 [ 227 242 245 300
600 246 156 133 246 324 99 53 241 96 245 230 246 293
600 241 98 95 241 336 163 180 241 351 195 95 211 110
600 179 57 61 177 334 98 159 179 414 140 82 148 70
600 184 97 151 i84 393 26 0 129 0 184 396 184 396
600 249 o 75 249 324 115 90 2149 323 249 331 249 331
600 202 82 89 202 320 132 184 202 392 202 378 202 378
600 215 97 89 215 350 141 6l 215 374 203 103 210 100
600 158 54 100 158 418 29 23 125 0 9 57 135 156
600 210 88 83 210 366 88 87 210 384 210 370 210 370
600 207 59 92 207 365 19 8 74 0 207 373 207 373
600 206 13 124 206 kY 19 0 62 0 206 374 206 374
600 468 297 31 468 104 183 0 408 0 468 112 468 12
600 122 42 148 122 458 96 313 122 478 122 458 122 458
600 158 67 133 158 416 103 234 158 437 158 422 158 422
600 168 45 74 168 402 109 218 168 426 168 412 168 412
600 151 52 34 151 426 26 23 111 32 15 429 5 429
600 n7 131 84 317 263 184 120 317 278 231 49 291 114
600 303 189 64 303 267 114 2 220 0 277 60 282 102
600 185 53 100 185 392 54 108 185 377 63 97 101 83
600 167 59 87 167 407 107 216 167 423 118 49 159 6
600 246 90 68 246 325 135 144 246 348 246 334 246 334
600 302 225 102 302 271 108 o] 249 [ 302 278 302 278
600 378 242 60 378 200 132 0 275 0 378 202 378 202
600 238 90 108 238 339 145 199 238 355 238 342 238 342
600 208 78 63 208 246 54 21 165 39 170 64 203 4
600 175 60 96 175 405 94 {71 175 420 175 405 175 405
600 185 97 128 185 394 46 33 160 42 185 398 185 395
600 194 9 103 194 376 136 208 194 399 149 51 185 102
600 256 85 57 256 282 142 99 256 31 148 13 162 [}
600 il 7 231 111 466 78 271 111 478 11t 469 111 469
600 198 46 38 198 279 147 236 198 401 142 17 126 0
600 251 91 74 251 326 194 214 251 343 182 50 209 0
600 228 97 96 228 348 105 116 228 366 228 352 228 352
600 151 50 107 151 427 23 25 65 39 104 67 137 6
600 217 th 160 217 362 106 153 217 3N 217 363 217 363
600 131 36 67 131 435 34 62 it 294 131 449 131 449
600 284 243 124 284 296 153 56 263 241 284 296 284 296
600 151 48 78 15% 397 30 33 91 69 80 14 112 0
600 131 33 103 131 441 40 147 131 461 131 449 131 449
600 228 87 117 228 340 43 28 145 35 228 352 228 352
15 600 148 44 100 144 397 7 7 0 1] 51 59 90 141
600 239 44 25 207 186 33 0 42 0 159 37 199 0
600 226 54 3 226 141 4 0 1] 0 226 354 226 354
600 296 187 78 296 270 94 0 233 0 296 284 206 284
600 237 84 48 237 294 84 S0 237 196 237 343 237 343
600 17 26 39 17 333 45 129 117 451} 117 463 17 463
600 209 50 16 197 86 159 216 209 385 209 37t 209 371
600 268 58 23 263 181 140 111 208 323 268 362 268 312
600 408 206 17 400 95 127 0 322 0 405 175 405 175
600 319 93 29 319 237 50 0 140 0 235 57 284 110
600 158 29 40 158 281 106 250 158 434 158 422 158 422
600 150 46 95 150 394 101 264 150 445 150 430 150 430
600 138 20 20 104 88 29 64 104 193 138 442 138 442
600 210 42 23 198 42 124 194 210 383 210 370 210 370
600 381 176 25 381 168 108 0 226 1] 381 199 381 199
600 280 112 52 280 293 89 23 248 18 280 300 280 300
600 295 156 59 295 282 82 0 209 0 295 285 295 285
600 239 75 49 239 329 118 12 239 348 239 341 239 341
600 146 27 i 132 79 24 0 93 ] 107 27 136 0
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600 17 62 I 217 327 98 131 27 359 217 363 217 363
600 186 71 96 186 394 131 235 186 406 186 394 186 394
600 316 157 81 316 252 75 0 231 0 266 76 309 163
600 250 46 19 243 126 38 9 17t 0 250 330 250 330
600 228 49 9 219 24 38 (1] 167 0 168 1 178 0
600 181 59 87 181 394 128 232 181 412 181 399 181 399
600 185 43 66 185 321 41 64 167 328 185 395 185 395
600 179 41 47 162 284 87 154 179 395 1o 32 97 0
600 268 51 20 268 115 84 73 254 293 48 0 91 0
600 250 107 99 250 325 157 179 250 344 250 330 250 330
600 181 57 17 174 161 119 173 181 414 181 399 181 399
600 226 107 39 226 302 76 29 206 35 226 354 226 354
600 136 27 57 136 369 85 279 136 464 136 444 136 444
600 282 91 46 252 261 140 122 252 340 252 328 252 328
600 308 125 10 284 0 77 0 212 0 230 5 237 0
600 283 150 40 265 260 9 0 211 0 283 297 283 297
600 244 152 108 244 334 96 37 241 101 244 336 244 336
600 212 49 49 212 286 7 0 0 0 212 368 212 368
600 382 173 1 369 45 114 0 261 0 306 ¢ 327 0
600 122 32 92 122 455 58 194 122 468 15 1 ] 0
600 212 73 109 212 361 94 169 212 381 8 6 0 0
600 249 98 66 249 286 153 126 249 343 249 331 249 33
600 304 204 74 304 276 136 24 289 13 304 276 304 276
600 253 37 2 175 0 94 80 253 295 38 2 0 4]
600 255 66 25 223 224 53 0 153 0 255 325 285 325
600 144 32 48 144 367 57 18 144 448 73 6 0 0
600 251 95 104 251 323 57 42 218 112 251 329 251 329
600 180 96 14 180 400 107 162 180 411 180 400 180 400
600 186 39 49 {86 313 108 190 186 406 186 394 186 394
2 600 120 2 0 0 0 0 0 0 0 120 460 120 460
600 229 34 2 140 0 59 57 213 225 229 351 229 351
600 141 15 2 103 0 34 83 17 321 141 439 141 439
600 177 3t 0 99 0 84 96 177 329 108 i 118 0
600 124 23 47 124 12 67 231 124 471 62 56 85 58
600 200 33 0 131 0 32 0 13 0 200 380 200 380
600 145 0 0 4] 0 110 296 145 448 145 435 145 435
600 196 37 19 184 15 109 159 196 398 196 384 196 384
600 274 22 0 171 0 142 138 274 319 274 306 274 306
600 292 46 0 195 0 78 12 219 0 292 288 292 238
600 16 4 0 0 0 10 16 0 0 7 30 0 0
600 244 33 0 162 0 28 0 70 0 244 336 244 336
600 254 48 0 169 0 68 13 151 0 66 0 68 0
600 226 30 32 198 21 58 68 212 186 0 Y 0 0
600 218 10 0 95 0 0 0 0 0 22 0 0 0
600 203 0 0 0 0 1 o} 0 0 203 377 203 317
600 186 15 0 122 0 97 159 186 409 1] 0 0 0
600 275 64 ¢ 190 0 54 0 143 Q 199 [ 207 0
600 152 5 0 0 0 37 81 135 313 152 428 152 428
600 230 7 o 0 0 138 146 230 362 230 350 230 350
600 184 20 0 141 0 29 2] 109 0 184 396 184 396
600 250 20 0 150 0 68 56 208 281 250 330 250 330
600 345 25 0 202 0 65 16 284 32 190 10 260 0
600 177 24 0 12 0 93 142 177 417 177 403 177 403
600 144 22 22 144 12 70 178 144 447 144 436 144 436
600 187 S 0 7s 0 33 22 124 44 187 393 187 393
600 173 33 55 173 30 0 0 0 0 173 407 173 407
600 203 50 34 203 30 37 13 149 0 203 377 203 377
600 149 5 0 0 0 80 169 149 446 149 431 149 431
600 212 21 13 88 10 155 252 212 381 212 368 212 368
600 163 21 0 135 1] 70 124 162 412 163 417 163 417
600 223 37 0 176 0 127 100 223 370 223 357 223 357
600 280 65 41 275 35 17 0 0 0 101 4 164 0
600 331 192 48 331 48 76 0 218 0 287 4 327 i
600 263 20 0 3] 0 48 19 165 0 263 317 263 317
600 332 125 4 286 0 74 0 172 0 332 248 332 248
600 208 54 57 208 51 84 H1 208 362 208 372 208 372
600 214 38 0 162 0 10 0 32 0 214 366 214 366
600 460 207 4 427 41 97 0 246 0 460 120 460 120
600 124 24 73 124 50 9 15 32 0 124 456 124 456
600 171 62 74 171 o- 107 191 171 419 m 409 171 409
600 325 59 19 317 8 19 0 0 0 269 26 307 0
600 228 10 0 61 0 I 0 0 0 228 352 228 352
600 138 13 0 97 0 1 0 56 0 138 442 138 442
600 263 9t 6 234 3t 77 0 198 0 263 317 263 317
600 284 77 0 214 0 73 0 168 0 284 296 284 296
600 345 17 0 268 0 89 0 222 0 345 235 345 235
600 240 52 32 240 28 44 29 187 93 240 340 240 340
600 374 150 0 349 0 84 0 25% 0 322 7 323 0
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600 195 57 49 195 30 110 136 193 372 195 385 195 385
25 600 233 33 0 134 0 108 98 217 360 233 347 233 347
600 146 0 1} 0 0 32 79 it4 269 146 434 146 434
600 435 124 0 334 0 128 0 310 ] mn 35 360 0
600 237 26 0 18 0 104 97 230 3i8 114 0 120 0
600 236 i 0 0 0 8 0 0 0 236 344 236 344
600 239 6 0 0 0 13 128 239 340 239 341 239 kL3
600 369 90 0 249 0 58 0 198 0 369 21t 369 211
600 258 7 4] 35 (] 64 40 233 172 62 0 0 4
600 241 15 ¢} 96 0 18 0 76 ] 241 339 241 339
600 183 4 ] 0 0 45 51 183 207 47 9 70 ]
600 238 0 0 0 0 0 0 0 0 238 342 238 342
600 162 8 0 87 0 0 o 0 0 162 418 162 418
600 370 106 0 290 0 53 0 187 ¢ 370 210 370 210
600 196 6 0 52 0 17 184 196 396 7 0 0 0
600 316 120 1 301 0 50 0 166 0 291 41 302 0
600 3n 97 1] 267 0 26 0 94 0 293 0 298 0
600 308 43 0 124 0 47 0 121 0 305 275 305 275
600 170 0 0 0 0 44 82 148 358 170 410 170 410
600 277 52 0 175 0 79 0 209 0 214 1 221 0
600 138 9 0 76 0 62 157 138 435 138 442 138 442
600 275 55 [ 134 [¢] St 0 134 0 195 6 214 0
600 286 46 3 157 41 169 147 286 308 286 294 286 294
600 308 23 0 161 0 140 65 308 227 308 2 308 2N
600 392 68 0 252 0 55 0 in 0 20 0 282 0
600 347 140 [ 293 [ 54 0 185 0 294 ] 307 [
600 380 164 ] 308 o 58 Q 217 0 380 200 380 200
600 198 6 0 0 0 94 128 198 394 198 382 198 382
600 191 0 o 0 0 26 34 141 121 191 389 191 389
600 205 ¢ 0 0 0 92 145 205 350 205 375 205 375
600 142 0 0 0 0 0 0 0 0 0 0 0 0
600 303 81 0 194 0 98 0 238 0 303 277 303 277
600 31 51 0 243 0 99 43 294 159 181 0 206 0
600 273 92 0 2i4 0 58 0 160 o 213 367 273 307
600 137 0 0 0 0 6 0 0 0 10 8 0 0
600 228 ) 0 4] 0 141 170 228 366 228 352 228 352
600 268 28 0 180 0 132 120 268 327 57 0 65 0
600 338 23 0 165 0 36 2z 136 0 338 242 338 242
600 131 0 0 0 0 63 241 131 463 131 449 13 449
600 226 3 0 0 0 0 0 0 0 226 354 226 354
600 403 138 4] 318 0 T 0 172 0 403 177 403 177
600 295 24 0 9 0 23 0 70 0 295 285 295 285
600 162 15 0 84 0 97 189 162 433 162 418 162 4i8
600 217 0 0 0 0 33 9 132 0 217 363 217 363
600 200 it 0 73 o 2% 0 74 0 136 6 153 0
600 284 16 4] 79 [ 60 1 208 0 86 Q 20 0
600 367 127 0 289 0 56 0 173 0 305 0 307 0
600 138 0 0 0 0 64 183 138 455 138 442 138 442
600 237 18 0 131 0 59 41 223 0 237 343 237 343
600 285 84 0 204 0 81 0 204 0 285 295 285 295
600 204 0 0 0 0 105 144 204 387 151 25 186 0
3 600 270 3s 0 131 0 29 0 131 0 213 12 224 0
600 173 1 ] 0 0 71 131 173 421 173 407 173 407
600 197 0 0 0 0 1 0 0 0 0 0 0 0
600 154 0 0 1] 0 0 [ 0 4] 6 0 0 ¢
600 307 52 0 192 0 64 0 207 0 177 0 196 4]
600 170 7 0 0 0 4 0 44 0 170 410 170 410
600 218 0 0 0 0 20 0 82 ] 218 362 218 362
600 208 21 Q 84 0 83 72 208 292 208 n 208 n
600 328 0 0 0 0 96 50 295 249 328 252 328 252
600 303 43 0 166 0 40 0 128 0 303 2n 303 2717
600 224 38 0 156 0 67 21 224 25 224 356 224 356
6060 276 10 0 68 0 28 0 i 0 276 304 276 304
600 168 0 0 0 0 46 81 168 354 168 412 168 412
600 179 0 0 0 0 53 19 145 0 179 401 179 401
600 216 8 0 s7 0 91 120 216 366 2i6 364 216 364
600 174 0 0 0 0 69 135 174 419 174 406 174 406
600 447 it 0 309 ] 166 0 316 0 275 0 301 0
600 478 75 0 249 g 124 0 310 0 284 0 294 0
600 250 I 0 0 0 136 147 250 344 250 330 250 330
600 i67 0 0 0 0 29 45 138 207 167 413 167 413
600 316 46 0 21 0 50 0 211 0 316 264 316 264
600 225 0 0 0 0 1 0 0 0 225 355 225 355
600 194 0 0 0 0 63 94 194 346 0 0 0 0
600 252 10 0 47 0 151 125 252 342 252 328 252 328
600 188 0 0 0 o 90 124 184 396 0 0 0 0
600 225 0 0 0 0 ¢ 0 0 4 225 355 225 355
600 250 0 o 0 0 19 0 96 [ 210 370 210 370
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600 122 0 0 0 0 61 223 122 470 122 458 122 458
600 158 0 0 0 0 20 0 68 0 0 0 0 0
600 140 0 0 0 0 55 155 140 455 i 0 0 0
600 150 7 0 7 0 26 20 140 0 150 430 150 430
600 108 0 0 0 0 64 263 108 484 0 0 0 0
600 292 6 0 0 0 ! 0 0 0 292 288 292 288
600 244 0 0 0 0 17 0 0 0 6 0 0 0
600 183 26 0 148 0 36 28 161 59 25 0 0 0
600 197 0 0 0 0 46 14 131 Y 197 383 197 383
600 219 12 0 105 Q 8 0 0 0 219 361 219 361
600 440 91 0 278 0 59 0 196 0 440 140 440 140
600 365 77 0 207 0 84 0 166 0 255 0 267 0
600 165 0 0 0 0 39 20 108 37 165 415 165 415
600 207 5 0 30 0 9 0 56 0 9 0 0 ¢
600 249 7 0 56 0 59 u 197 0 249 331 249 331
600 245 0 0 0 0 106 104 229 349 245 335 245 338
600 149 0 0 0 0 78 190 149 446 149 431 149 431
600 275 24 0 124 0 46 0 161 0 118 0 131 0
600 153 7 0 81 0 0 0 Q 0 153 427 153 427
600 363 49 0 161 0 T 0 193 0 265 0 307 0
600 17 0 0 0 0 9 18 [ 0 117 463 117 463
600 280 0 0 0 0 141 128 280 310 280 300 280 300
600 455 125 0 329 0 68 0 240 0 455 125 455 125
3s 600 394 IS 0 87 0 28 0 61 0 394 186 394 186
600 147 0 0 0 0 19 0 0 0 147 433 147 433
600 128 0 0 0 0 54 154 128 458 128 452 128 452
600 162 0 0 0 0 79 159 162 432 23 0 0 0
600 276 0 0 0 0 1t 0 0 0 276 304 276 304
600 317 0 0 ] 0 11 0 43 0 5 0 Q 4]
600 277 0 0 0 0 22 0 95 0 101 0 108 0
600 240 0 0 o 0 37 11 172 32 161 28 227 0
600 178 4 0 0 O 0 0 0 0 178 402 178 402
600 250 0 0 0 0 17 121 250 345 39 0 91 0
600 109 0 0 0 0 38 159 109 485 109 471 109 47t
600 303 0 0 0 0 72 37 262 126 303 277 303 277
600 289 0 ] Q [ 106 77 287 270 38 0 o 1]
600 241 0 0 0 0 33 0 121 0 112 2 98 0
600 166 0 0 0 0 74 151 166 413 166 414 166 414
600 202 0 0 0 0 99 134 202 391 174 78 202 91
600 308 3 0 131 0 64 0 204 0 308 272 308 272
600 277 57 0 171 0 10 0 38 0 106 0 119 0
600 245 3 0 0 0 11 0 30 0 49 0 75 0
600 241 0 0 0 0 0 0 0 0 24] 339 241 339
600 178 0 0 0 0 46 48 162 247 i78 402 178 402
600 187 0 0 0 0 51 40 187 il 5 0 0 o
600 338 47 0 148 0 49 4] 148 0 161 0 164 0
600 312 il 0 45 0 26 0 90 0 3N 268 312 268
600 259 0 0 0 0 0 0 [} 0 259 321 259 321
600 128 ] 0 0 0 69 186 128 464 128 452 128 452
600 212 0 0 0 0 10 0 0 0 0 0 0 0
600 267 65 0 172 0 i4 0 69 0 267 313 267 313
600 302 0 0 0 0 40 0 205 4] 302 278 302 278
600 227 ] 0 0 0 0 0 o 0 58 o 110 0
600 159 0 0 0 0 12 0 0 4] 159 421 159 421
600 136 0 0 0 0 6 [} 0 0 0 0 [ [¢]
600 144 0 0 0 0 0 0 o 0 144 436 144 436
600 191 0 0 0 0 7 ] 56 0 167 233 191 283
600 167 0 0 0 0 5 0 0 0 1 0 ] 0
600 287 0 0 0 0 57 0 167 0 287 293 287 293
600 158 0 0 0 0 53 105 158 381 158 422 158 422
600 166 0 0 0 0 81 174 166 426 0 0 o 0
600 175 0 0 0 0 23 0 105 0 175 405 175 405
600 171 0 0 0 0 22 0 60 0 17t 409 171 409
600 209 0 0 0 0 20 1 91 0 209 371 209 37
600 237 0 0 0 0 4 0 0 0 237 343 237 343
600 249 0 0 0 0 2t 0 108 0 249 33 249 331
600 195 0 0 0 0 24 9 141 0 195 385 195 385
600 272 0 0 0 0 98 76 272 281 5 0 0 0
600 391 29 0 17 0 30 0 17 0 391 189 391 189
600 242 0 0 0 0 66 28 240 47 46 0 62 0
600 166 0 0 0 0 60 109 166 3 31 0 ] 0
600 284 0 0 Q 4 95 39 257 140 284 296 284 296
600 333 0 0 0 9 9 0 0 0 333 247 333 247
4 600 217 0 0 0 0 0 0 0 0 217 363 217 363
600 199 5 0 0 0 1 0 0 0 97 0 114 0
600 185 0 0 0 0 10 0 30 0 152 43 175 0
600 255 0 ¢ 0 ] 14 0 64 0 92 0 96 0
600 352 6 o 30 0 17 0 46 0 276 1 305 0
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600 217 0 0 0 0 47 19 188 1 217 363 217 363
600 166 0 0 0 0 0 0 0 0 166 414 166 414
600 182 0 0 0 0 47 104 131 370 7 2 0 0
600 127 0 0 0 0 62 188 127 466 127 453 127 453
600 191 0 0 0 0 64 78 191 292 191 389 191 389
600 152 0 0 0 0 68 127 152 434 o 0 0 0
600 146 0 0 0 0 0 0 0 0 146 434 146 434
600 221 13 0 95 0 72 15 189 7 221 359 221 359
600 455 21 0 119 0 59 [ 191 0 236 0 236 0
600 110 0 0 0 0 0 0 0 0 110 470 110 470
600 108 0 0 0 0 0 0 0 0 3 0 0 0
600 178 0 0 0 0 38 20 154 16 178 402 178 402
600 213 0 0 0 0 21 0 32 o 213 367 213 367
600 146 0 0 0 0 0 0 0 0 0 0 0 0
600 190 2 0 0 0 44 14 161 4 190 390 190 390
600 466 24 0 135 0 16 0 69 0 466 14 466 114
600 257 16 0 60 0 1 0 40 0 257 323 257 323
600 303 43 0 129 0 17 0 82 o 303 277 303 277
600 341 7 0 40 0 36 0 126 0 161 0 175 0
600 253 0 0 0 0 I 0 0 0 253 327 253 327
600 239 0 0 0 0 72 72 223 293 230 341 230 341
600 152 0 0 0 0 25 26 118 4 49 17 104 0
600 232 0 0 0 0 0 0 0 0 5 0 0 0
600 261 0 0 0 0 44 0 13 0 63 0 110 0
600 220 0 0 0 0 0 0 0 0 0 0 0 0
600 177 2 0 0 0 1 0 0 0 177 403 177 403
600 211 0 0 0 0 14 0 7% 0 30 0 78 0
600 146 0 0 0 0 1 0 0 0 0 0 0 0
600 243 0 0 0 0 40 20 182 35 0 0 0 0
600 215 0 0 0 0 [ 0 0 0 1 0 0 0
600 127 0 0 0 0 42 115 127 406 127 453 127 453
600 224 0 0 0 0 10 0 0 0 224 356 224 356
600 299 7 0 0 0 15 0 58 0 29 281 299 281
600 173 0 0 0 0 0 0 0 0 173 407 173 407
600 178 0 0 0 0 0 0 0 0 178 402 178 402
600 306 0 0 0 0 0 0 0 0 306 274 306 274
600 308 3 0 38 0 19 0 59 o 308 272 308 272
600 205 0 0 0 0 47 56 176 143 205 375 205 375
600 218 0 0 0 0 1 0 0 o 28 362 218 362
600 336 0 0 0 0 1 0 0 0 336 244 136 244
600 109 0 o 0 0 0 0 0 0 0 0 0 0
600 149 0 0 0 0 1 0 0 0 149 431 149 431
600 298 0 0 0 0 35 0 158 0 6 0 0 0
600 176 0 0 0 0 1 0 0 0 0 0 0 0
600 221 0 0 0 0 101 138 206 370 221 359 221 359
600 172 17 0 62 0 12 0 40 0 172 408 172 408
600 181 26 1 126 0 87 162 181 405 20 0 0

600 261 118 0 233 0 56 0 139 0o 261 319 261 319
600 181 2 0 0 0 46 61 164 218 8 0 0 0
600 222 96 95 222 344 45 7 123 0 110 1 116 0
600 250 17 0 155 0 83 6 250 138 250 330 250 330
600 300 86 31 300 187 28 0 97 0 300 280 300 280
600 148 29 23 131 T} 16 0 33 0 148 432 148 432
600 196 63 20 136 83 76 43 194 161 118 0 133 0
600 254 135 9 235 0 60 0 163 0 195 0 200 0
600 382 195 0 367 0 86 0 228 0 3% 198 382 198
600 197 69 51 197 326 14 149 197 395 197 383 197 383
600 185 17 0 107 0 95 170 185 407 76 1 13 0
600 423 212 5 384 0 98 0 260 0 423 157 423 157
600 275 129 0 246 0 150 27 246 53 275 308 275 305
600 169 12 8 93 0 109 239 169 426 169 411 169 411
600 198 50 0 157 0 87 58 198 267 198 382 198 382
600 254 101 0 195 0 135 25 229 52 254 326 254 326
600 141 35 19 123 76 9 236 141 452 141 439 141 439
600 206 51 31 188 22 18 0 0 0 105 2 143 0
600 122 5 0 0 0 35 120 114 433 2 0 0 0
600 152 51 65 152 407 112 215 152 442 152 428 152 428
600 121 0 0 0 0 39 103 121 456 2 0 0
600 166 28 0 125 0 7 12 166 413 166 414 166 414
600 330 150 0 276 0 136 0 212 0 2% 0 296 0
600 148 21 0 96 0 50 63 133 230 55 0 57 0
600 195 3 13 195 13 61 54 163 132 61 0 57 0
600 230 1 0 0 0 69 7 218 294 230 350 230 350
600 328 40 0 198 0 41 0 178 0 171 0 191 0
600 191 23 0 153 0 104 158 191 401 191 389 191 389
600 196 66 19 163 50 24 0 95 0 196 384 196 384
600 285 134 0 263 0 57 0 16 o 251 28 264 23
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600 142 13 0 52 0 56 147 128 431 70 8 96 0
600 173 37 30 147 247 114 224 173 420 25 0 0 0
600 210 37 13 183 0 115 151 210 383 210 370 210 370
600 489 263 3 458 28 181 Q 351 0 453 0 468 0
600 264 50 7 216 0 175 169 264 331 65 1 99 0
600 217 25 0 151 0 ! 70 217 278 21 0 g 0
600 277 40 0 198 0 188 143 277 3t 277 303 27 303
600 175 29 16 157 132 17 211 175 419 175 405 175 405
600 190 22 0 t4 0 132 165 190 404 190 390 190 390
600 261 29 0 156 0 53 2 228 0 261 319 261 319
600 388 155 0 315 ] 89 0 196 0 318 0 341 0
600 188 59 21 188 147 52 0 128 0 188 392 188 392
600 457 153 0 33 0 167 0 22 0 457 123 457 123
600 163 19 0 92 0 97 178 163 430 163 417 163 417
600 268 59 8 242 28 85 45 237 1M 268 32 268 3
600 305 53 0 211 0 46 0 152 0 253 10 281 13
600 173 27 42 173 339 59 96 173 401 32 0 51 0
0.03 600 181 55 3 159 0 21 0 46 0 181 399 181 399
600 174 56 45 147 282 51 27 147 167 126 0 132 0
600 283 102 0 257 0 79 0 216 0 283 297 283 297
600 255 147 0 200 0 99 0 180 0 255 325 255 325
600 249 57 0 227 0 119 Tt 249 268 249 331 249 33t
600 182 54 0 N 0 88 19 167 0 182 398 182 398
600 153 24 s3 153 336 24 S1 121 217 153 427 153 427
600 185 55 3 185 273 85 70 185 267 185 395 185 395
600 243 72 26 243 156 136 19 243 350 67 0 0 0
600 154 20 1 119 61 92 190 154 439 154 426 154 426
600 mn 0 0 0 o 13 95 272 307 272 308 272 308
600 144 14 0 93 0 83 185 144 450 144 436 144 436
600 121 10 0 79 0 15 7 41 0 121 459 121 459
600 203 56 0 148 0 52 0 140 0 199 31 203 40
600 337 59 0 239 0 28 0 103 0 192 0 206 [
600 196 28 0 12 0 84 129 196 397 28 0 0 0
600 193 57 0 170 0 44 0 84 0 107 0 125 0
600 265 181 42 265 251 97 0 163 0 216 0 215 o
600 243 85 26 243 172 82 25 229 26 243 337 243 337
600 247 27 0 145 0 44 0 131 0 217 363 217 363
600 278 97 33 2712 249 56 0 185 0 210 2 218 0
600 337 48 0 244 0 114 23 322 98 184 0 263 0
600 183 55 13 175 17 59 31 148 10 14} 4 148 4
600 199 69 25 198 96 17 0 58 ¢ 199 38t 199 381
600 175 29 6 172 8 139 273 175 418 18 0 0 0
600 290 73 29 290 209 51 0 159 0 290 290 290 290
600 132 4 0 0 0 0 0 0 0 0 0 [ 0
600 210 85 57 210 358 I8 0 96 0 135 0 145 0
600 293 220 61 293 285 105 0 195 o 293 287 293 287
600 466 265 0 410 0 193 0 305 0 466 114 466 P14
600 250 64 0 228 0 44 0 200 o 189 0 216 0
600 201 75 6 17t 0 51 0 117 0 201 379 01 3719
600 218 40 0 158 0 43 0 145 0 2i8 362 218 362
600 336 75 16 302 163 168 92 336 259 149 0 199 0
600 364 205 0 327 0 138 0 212 0 364 216 364 216
600 325 172 0 263 0 126 0 229 0 325 258 325 255
600 224 77 33 208 184 24 0 109 0 102 0 142 0
600 212 26 0 141 0 42 0 147 0 93 0 131 0
600 148 41 15 123 St 52 28 145 59 S5 0 89 0
600 228 101 89 228 349 8 0 0 0 228 352 228 352
600 288 65 8 268 30 164 108 288 300 288 292 288 292
600 226 29 0 159 0 100 66 226 302 182 2 185 2
600 347 199 0 297 0 127 0 214 0 303 0 309 0
600 199 77 49 183 254 66 33 181 123 199 381 199 381
600 154 28 0 128 4} 43 31 144 59 102 0 109 0
600 280 124 37 280 221 105 22 276 3 280 300 280 300
600 263 36 0 178 0 70 27 209 3t 263 317 263 317
600 108 39 104 108 467 37 97 102 443 108 472 108 472
600 210 42 0 157 0 S 0 170 0 2 0 0 0
600 210 46 3 192 20 41 Q 157 0 2 0 0 0
0.02 600 249 42 o 170 0 27 0 100 0 184 0 199 0
600 180 39 0 128 0 45 0 125 0 1o 0 112 0
600 253 39 0 196 0 108 60 250 263 i98 0 205 0
600 193 58 0 161 0 44 0 156 0 193 387 193 387
600 447 334 0 419 0 262 0 348 0 350 0 350 0
600 251 85 8 243 36 55 o 172 0 251 329 251 329
600 284 119 0 227 0 124 0 239 0 204 0 205 0
600 277 211 [ 257 0 210 0 257 0 237 0 237 0
600 173 28 0 137 0 69 88 173 377 173 407 173 407
600 172 68 30 172 20t 80 63 172 235 108 0 123 0
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600 135 37 36 125 313 35 20 107 0 91 4 97 0
600 157 0 0 0 0 86 190 157 437 0 0 0 0
600 220 77 Q 156 Q 59 g 125 Y 160 Q 17¢ Q
600 244 92 0 173 0 74 0 164 0 244 336 244 336
600 186 85 58 186 340 31 0 129 0 1t 0 114 0
600 243 145 3 225 0 148 18 234 32 243 337 243 337
600 303 218 0 266 0 229 21 274 60 303 277 303 n
600 342 119 0 211 [ 119 0 211 0 201 0 204 0
600 288 i31 0 233 0 99 0 194 0 288 292 288 292
600 143 47 14 139 57 47 18 132 3 143 437 143 437
600 122 21 ] 100 0 62 148 122 463 0 0 0 0
600 333 154 (] 285 0 84 0 204 0 206 V] 213 0
600 238 58 0 184 0 44 4 169 0 28 0 0 0
600 346 104 0 313 0 75 0 274 0 346 234 346 234
600 157 60 119 157 419 imn 229 157 434 4 0 [ 0
600 297 201 0 248 0 179 0 227 0 222 0 222 0
600 213 53 0 175 0 70 15 185 0 213 367 213 367
600 141 33 0 il4 0 70 76 139 355 141 439 141 439
600 201 43 11 194 61 27 0 150 0 201 379 201 319
600 153 23 0 1o 0 45 12 134 0 48 0 97 0
600 228 27 0 168 0 20 0 41 0 168 ) 178 0
600 286 202 0 261 0 168 0 214 0 286 294 286 294
600 179 42 0 148 0 71 31 171 121 1 0 132 0
600 211 45 0 147 0 36 0 104 0 55 0 59 0
600 138 0 0 0 0 35 47 138 146 138 442 138 442
600 225 80 I 197 0 44 0 137 0 i46 0 146 0
600 327 210 0 287 [ 170 0 235 0 327 253 327 253
600 326 254 29 326 218 229 0 292 0 291 0 291 0
600 207 66 0 123 0 86 0 133 Q 207 373 207 373
600 302 s 9 299 35 111 4 288 ] 302 278 302 278
600 204 134 45 204 270 99 0 144 0 150 Y 152 0
600 177 107 25 177 128 134 116 177 39 177 403 177 403
600 175 75 44 158 344 91 84 175 335 175 405 175 405
600 113 9 0 35 0 31 41 108 145 113 467 113 467
600 215 53 0 163 0 46 0 153 0 128 0 150 0
600 228 77 0 161 0 86 0 165 0 228 352 228 352
600 186 54 0 162 0 85 45 167 169 m 0 95 0
600 471 336 0 422 0 268 0 364 0 471 109 471 109
600 303 123 0 244 0 108 0 196 0 303 277 303 277
600 117 0 9 0 0 1 0 0 0 6 0 0 0
0.01 600 185 130 0 151 0 155 47 185 164 144 0 144 0
600 183 64 0 124 4] 88 0 149 0 11t 0 11 0
600 175 18 0 121 ] 61 5 151 0 0 0 0 0
600 186 86 ] 151 0 156 100 186 379 12t 0 121 0
600 it 10 0 64 0 68 105 Heé 467 0 4] 0 0
600 189 64 ¢ 137 0 102 0 166 0 189 391 189 391
600 205 80 0 162 0 3 0 173 0 133 0 133 0
600 177 49 ] 147 0 84 64 165 238 177 403 177 403
600 154 0 0 0 0 31 0 124 0 154 426 154 426
600 360 284 0 315 0 268 0 304 0 303 0 303 0
600 168 94 0 127 0 55 0 101 0 168 412 168 412
600 179 47 0 12 0 102 0 150 0 179 401 179 401
600 212 63 0 148 0 78 0 i5s 0 139 0 139 0
600 218 146 0 177 0 154 0 i81 0 218 362 218 362
600 299 188 0 235 0 174 0 216 0 219 0 224 0
600 149 66 0 108 0 86 0 130 0 149 431 149 431
600 181 59 0 135 0 58 0 135 0 108 0 14 4]
600 152 74 0 134 0 47 0 110 0 152 428 152 428
600 214 87 0 144 0 117 0 168 0 214 366 214 366
600 348 189 0 300 0 96 0 243 0 348 232 348 232
600 174 45 0 125 0 60 0 127 0 65 0 68 0
600 265 215 0 235 0 200 0 226 0 232 0 232 [
600 180 133 0 159 0 133 0 159 o 140 0 140 0
600 306 254 0 281 0 227 0 257 0 306 274 306 274
600 185 48 0 118 0 63 0 121 0 185 395 185 395
600 266 219 0 243 0 203 0 226 ] 266 314 266 314
600 122 27 0 100 0 51 59 122 244 122 458 122 458
600 202 48 0 135 0 64 0 141 0 130 0 130 0
600 142 58 21 140 92 44 0 128 0 o 0 0 0
600 152 R 0 123 0 58 0 115 0 152 428 152 428
600 148 72 0 109 0 122 114 142 367 95 0 95 [
600 196 15 0 102 0 73 14 184 6 196 384 196 384
600 186 34 0 117 0 65 0 141 G 186 394 186 394
600 258 93 0 198 0 145 0 224 0 258 322 258 322
600 278 175 0 218 0 161 0 196 [ 278 302 278 302
600 203 116 O 168 0 » 0 168 0 142 0 142 0
600 486 398 0 452 0 356 0 41 0 415 0 416 0
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600 369 284 0 319 0 277 ] 313 0 300 0 300 ]
600 211 121 0 156 0 163 0 197 0 149 0 149 1]
600 203 131 0 165 0 17 0 139 0 203 317 203 377
600 238 118 ] i85 0 128 0 198 0 166 0 166 0
600 270 216 0 230 0 208 0 229 0 270 310 270 310
600 160 50 0 105 0 89 0 132 0 160 420 160 420
600 122 7 0 65 0 50 0 112 0 122 458 122 458
600 183 120 0 147 0 128 0 160 0 183 397 183 397
600 367 303 0 325 0 269 0 30t 0 307 0 307 0
600 228 53 0 159 0 80 0 177 0 228 352 228 352
600 20i 131 0 170 0 163 60 191 283 144 0 146 0
600 261 130 0 216 0 135 0 216 0 261 319 261 319
600 339 222 0 269 0 206 0 253 0 227 0 227 0
600 216 152 0 152 0 152 0 152 0 156 0 156 0
600 191 125 0 125 0 159 0 159 0 127 0 127 0
600 297 195 0 195 0 247 0 247 0 198 0 198 0
600 138 86 0 86 0 106 0 106 (] 83 0 83 0
600 180 128 0 128 0 128 0 128 ] 129 0 129 0
600 138 86 0 86 0 106 0 106 0 83 0 83 0
600 214 138 0 138 0 172 0 172 0 140 0 140 0
600 170 106 0 106 0 130 0 130 0 105 0 105 0
600 194 124 0 124 0 156 0 156 0 126 0 126 0
600 158 102 0 102 0 128 0 128 0 102 0 102 [
600 319 263 0 263 0 255 0 258 0 266 4] 266 0
600 217 143 0 143 0 181 0 181 0 144 0 144 0
600 208 130 0 {30 0 160 0 160 0 131 0 131 0
600 414 342 0 342 0 330 o 330 0 345 0 345 0
600 178 126 0 126 0 126 0 126 0 129 0 129 0
600 240 150 0 150 0 184 0 184 0 151 0 151 \]
600 230 150 0 150 0 192 0 192 0 153 0 153 0
600 359 297 0 297 0 287 0 287 0 300 0 300 0
600 219 143 0 143 0 8t 0 181 0 145 0 145 0
600 218 140 1] 140 0 176 0 176 0 143 0 143 0
600 148 92 0 92 0 112 0 112 0 91 0 91 0
600 453 375 0 375 0 361 0 361 0 3R 0 378 0
600 234 166 0 166 a 166 0 166 0 169 0 169 ]
600 274 194 0 194 o 194 0 194 0] 197 0 197 ]
600 312 258 0 258 0 248 0 248 0 260 0 260 0
600 159 99 0 99 0 121 0 121 0 98 0 98 0
600 186 116 0 116 0 142 o 142 o 117 0 n7 0
600 230 150 0 150 0 192 0 192 0 153 0 153 0
600 209 131 4} 131 0 161 0 161 0 132 0 132 0
600 287 203 0 203 0 203 0 203 0 207 0 207 0
600 300 212 0 212 0 212 0 212 0 216 0 216 0
600 289 205 0 205 0 205 0 205 0 208 0 208 0
600 205 131 0 131 0 165 0 165 0 i34 0 134 0
600 195 121 0 121 0 149 0 149 0 122 0 122 0
600 148 9% 0 9% 0 120 0 120 0 96 0 96 0
600 256 212 0 212 0 204 o 204 0 213 0 213 0
600 175 109 0 109 0 133 0 133 o 108 0 108 0
600 181 19 0 119 0 151 0 151 0 119 0 119 0
600 146 94 0 94 0 118 0 t8 0 94 0 94 0
600 241 N 0 N 0 171 0 17} 0 174 0 174 0
600 175 109 0 109 [ 133 0 133 0 108 0 108 0
600 344 244 0 244 0 244 0 244 0 248 0 248 0
600 238 156 & 156 0 198 0 198 0 158 0 158 0
600 157 97 0 97 0 19 o] 19 0 96 [ 96 [
600 237 155 ] IS5 0 197 0 197 0 157 0 157 0
600 157 97 ¢ 97 0 19 0 1ne 0 96 ¢ 96 0
600 265 173 o 173 ] 221 0 221 0 177 0 177 0
600 246 160 0 160 0 204 0 204 0 163 0 163 0
600 343 283 Y 283 0 273 0 273 0 286 ] 286 0
600 152 94 0 94 0 116 0 116 0 93 0 93 0
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Table B.14 Noise Effects Analysis

Duration Threshold FAPI
Tot D Tot FA FAD FAFA TotD Tot FA FAD FAFA Tot D Tot FA FAD FAFA
46.66%  26.10% 9998% 9100% | 4511% 29.29% 89.39% 65.46% | 89.42% 62.56% 94.32% 63.65%
3520% 138%9% 9697%  67.10% | 3830% 24 86% 80.99% 5784% | 87.48% 69.89% 88.63% 70.46%
19.30% 3.36% 69.36% 2.45% 27.38% 16.77% 64.07% 41.76% 85.80% 72 51% 87.74% 72.09%
14 78% 002% | 46.00% 0.24% | 24.88% 15.02% 63.15% 3992% | 83.68% 61.00% 84.42% 60.24%
7.58% 0.00% | 27.64% 000% | 2293% 12.84% 60.22% 34.99% | 77.58% 63 91% 78.31% 63 85%
2.28% 0.00% 7.58% 0.00% 16.47% 9.82% 47.16% 20.29% 69.35% 56.59% 70.79%% 56.76%
13%% 0.00% 5.84% 0.00% | 10.09% 5.24% 31.39% 1499% | 68.70% 55.25% 70.64% 54.92%

Vary Noise, Keep N @ 2
19.30% 336%  66.94%  23.50% | 27.02% 15.44% 63.50% 40.71% | 86.24% 73.29% 87.73% 72.65%
26.96% 287% | 76.18%  1485% | 36.70% 21.5%% 77.13% 55.29% | 78.65% 51.07% 80.44% 50.93%
31.58% 446% | 83.40%  24.96% | 31.78% 9.89% 72.91% 2682% | 78.96% 50.76% 80.97% 50.80%
41.17% 2.34% 81.32% 13.13% 40.19% 7.19% 76.98% 21.69% 78.52% 42 72% 79.88% 42.70%
52.11% 0% | 77.98% 0.48% | 56.89% 298% 82.31% 11.28% | 8323% 51.22% 83.38% 51.22%
60.48% 0.00% | 69.48% 000% | 77.87% 0.00% 77.87% 0.00% | 70.14% 0.00% 70.14% 0.00%




Table B.15 Jitter Effect Results in Detection Testing
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S info SRate  Pixel X Pixel Y
60 30 30
Threshold (values - # frames) Duration (values - # frames) FAPI (values - # frames)
FAR FAR Du FAR FAR FPI FPI FAR FAR
#F ActD ThD ThFA D FA DuD FA D FA D FA D FA
0.25 600 269 221 7t 269 305 239 103 269 315 269 311 269 3
600 182 70 69 182 367 172 184 182 412 85 0 143 ]
600 223 191 86 223 348 212 173 223 369 195 1 195 12
600 193 165 85 193 386 169 99 193 379 173 16 173 30
600 245 181 69 219 306 205 108 245 308 245 335 245 335
600 341 312 57 341 233 3t 54 340 229 341 239 341 239
600 225 115 46 228 238 202 134 225 366 225 355 225 355
600 281 227 68 281 287 245 87 281 272 243 3 252 3
600 168 122 65 168 375 139 133 168 388 168 412 168 412
600 358 328 51 358 216 335 64 358 190 358 222 358 222
600 191 161 121 191 378 178 175 191 401 191 389 191 389
600 242 145 34 242 217 227 149 242 353 242 338 242 338
600 224 169 42 224 291 216 173 224 370 224 356 224 356
600 254 220 56 254 307 217 39 241 152 254 326 254 326
600 202 169 104 202 372 193 169 202 385 173 0 177 0
600 254 200 63 254 325 222 106 248 326 254 326 254 326
600 203 163 73 203 37 184 145 203 37 158 0 161 0
600 374 350 66 374 208 324 34 365 133 357 70 357 89
600 274 251 61 274 296 250 58 274 229 256 1 256 15
600 189 143 54 189 369 162 113 189 361 155 [ 164 0
600 124 74 146 121 457 108 170 121 463 53 0 0 0
600 235 155 50 224 292 202 125 235 359 238 345 238 345
600 323 277 67 323 252 282 77 323 251 323 257 323 257
600 162 129 84 162 375 139 108 162 357 123 0 123 0
600 206 160 42 206 228 180 108 206 350 178 0 178 0
600 285 227 36 284 21 263 108 285 308 285 295 285 295
600 195 144 89 195 356 156 118 180 356 55 0 155 4]
600 184 160 101 184 391 n 184 184 410 184 396 184 396
600 180 150 118 180 392 147 105 180 381 180 400 180 400
600 314 286 65 314 263 281 61 314 262 290 8 290 0
600 190 167 82 190 386 169 102 190 386 165 ! 166 1
600 208 184 110 208 n 178 103 208 386 208 mn 208 372
600 209 167 82 209 360 198 186 209 384 173 0 173 [
600 218 178 55 218 300 191 95 218 346 218 362 218 362
600 119 40 54 7 327 62 138 119 457 52 0 0 0
600 330 254 52 316 226 99 13 252 0 330 250 330 250
600 123 43 88 123 426 115 188 123 47 123 457 123 457
600 336 307 84 336 238 242 7 309 3 309 29 309 41
600 256 224 51 256 195 229 63 242 295 256 324 256 324
600 260 176 37 260 259 33 0 51 0 203 0 208 0
600 183 152 109 183 385 164 147 183 404 183 397 183 397
600 151 45 12 151 397 138 171 151 444 76 0 56 0
600 427 372 39 427 148 393 47 427 163 386 2 386 0
600 199 156 76 199 338 169 109 199 261 166 2 166 0
600 55 136 132 155 420 138 152 155 433 155 425 155 425
600 290 261 80 290 286 279 114 290 300 290 290 290 290
600 176 68 59 176 351 101 98 168 393 13 0 124 0
600 313 249 47 313 233 281 91 313 277 313 267 313 267
600 325 264 59 328 252 92 5 277 0 328 255 325 255
600 163 120 71 163 348 154 185 163 431 133 0 133 0
600 420 206 0 267 0 330 5 390 3 420 160 420 160
600 138 40 7 130 69 114 1t8 138 425 36 0 0 0
600 281 232 21 257 105 230 8 257 105 281 299 281 299
600 187 116 4 167 40 160 §s 184 188 135 0 135 0
6500 191 26 0 119 0 163 87 191 353 R4 389 191 389
600 159 72 11 124 113 133 88 159 366 159 421 159 421
600 128 22 16 128 83 53 115 128 377 128 452 128 452
600 204 160 53 196 30t 179 1H1 204 357 138 0 138 0
600 145 17 0 119 0 66 108 145 368 4 0 0 0
600 230 116 22 201 128 178 88 230 300 230 350 230 350
600 281 124 S 257 33 217 58 281 209 281 299 281 299
600 264 206 6 248 97 244 90 264 306 264 316 264 3i6
600 193 19 0 153 0 140 122 193 397 193 387 193 387
600 200 65 7 181 4 179 126 200 352 17 0 19 0
600 252 205 21 242 102 222 78 242 227 252 328 252 328
600 121 32 42 21 338 52 100 121 381 121 459 121 459
600 159 68 i4 (49 46 125 83 159 246 95 0 95 0
600 359 285 17 342 67 289 22 342 72 359 221 359 221
600 170 2t 0 97 0 145 132 170 3N 24 0 0 0
600 299 199 37 299 220 242 69 299 262 299 281 299 281
600 279 66 7 245 0 253 103 279 297 279 301 279 30
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600 194 49 5 147 46 163 107 194 392 102 0 102 0
600 341 162 26 330 175 22 0 66 1] 341 239 341 239
600 170 1o 51 170 322 132 79 170 330 170 410 170 410
600 238 127 20 238 168 220 116 238 357 157 0 157 0
600 187 126 38 180 249 150 78 187 261 113 0 115 0
600 246 157 19 228 172 221 105 246 341 246 334 246 334
600 156 44 2 143 14 128 98 156 424 156 424 156 424
600 260 106 28 260 229 212 84 260 229 260 320 260 320
600 141 33 0 11 0 123 119 141 415 141 439 141 439
600 254 213 26 243 106 208 21 238 58 254 326 254 326
600 151 108 43 151 325 122 129 151 420 154 429 151 429
600 169 30 32 169 139 15 136 169 393 0 0 0 0
600 216 158 19 206 95 173 55 212 162 216 364 216 364
600 198 145 68 198 355 173 120 198 362 133 0 135 0
600 396 307 17 359 92 351 54 396 196 308 0 316 0
600 234 148 10 218 110 197 m 234 357 234 346 234 346
600 150 49 6 129 0 130 144 150 442 150 430 150 430
600 329 231 25 293 181 301 92 329 256 329 251 329 251
600 370 263 I 328 78 282 26 330 118 280 0 280 0
600 217 15 44 197 253 193 i6 217 373 217 363 247 363
600 156 40 3 132 23 125 39 153 305 156 424 156 424
600 460 384 14 440 60 0 0 0 0 376 0 377 0
600 239 168 53 239 296 200 123 239 355 163 0 166 0
600 196 55 6 161 52 150 77 196 249 196 384 196 384
600 150 67 36 150 178 124 123 150 414 66 0 0 0
600 170 21 2 128 3 107 122 170 360 170 410 170 410
600 202 76 7 183 93 177 122 202 370 202 378 202 378
600 186 89 15 178 69 154 108 185 380 186 394 186 394
600 367 280 20 322 152 303 32 342 94 367 213 367 213
600 325 238 10 204 51 246 i0 294 51 328 255 325 258
600 307 232 s 284 0 241 7 284 0 243 0 243 0
600 172 3 0 0 0 140 83 172 398 172 408 172 408
600 197 16 0 106 0 143 53 184 210 197 383 197 383
600 148 14 0 %0 [ 108 86 141 402 0 0 0 0
600 451 280 0 359 0 351 13 410 41 320 0 321 0
600 308 174 0 266 0 223 26 282 37 308 272 308 2712
600 108 6 i 35 0 63 156 108 412 108 4712 108 472
600 153 3 0 0 0 75 109 153 398 0 0 0 0
600 299 154 0 235 0 209 37 246 130 299 281 299 281
600 253 181 7 224 37 183 7 224 15 253 327 253 327
600 147 33 0 108 0 110 7 147 363 147 433 147 433
600 186 98 0 134 0 147 31 174 3 110 0 112 0
600 241 126 1 176 0 186 50 225 17 131 0 131 0
600 196 9 1 128 0 162 51 196 88 196 384 196 384
600 303 171 3 229 0 231 39 285 156 178 0 178 0
600 348 150 0 224 0 257 38 348 193 348 232 348 232
600 387 261 4 341 24 320 36 369 147 387 193 387 193
600 250 170 3 219 0 193 13 231 57 182 0 182 0
600 261 12 0 7 0 204 47 256 187 261 319 261 319
600 222 42 0 168 0 190 100 222 367 222 358 222 358
600 181 26 2 129 0 140 114 181 397 181 399 181 399
600 191 23 0 132 0 159 103 191 399 191 389 191 389
600 469 276 0 347 0 358 10 406 57 469 111 469 111
600 197 19 0 110 0 170 109 197 375 0 0 0 0
600 187 16 [ 55 0 132 48 178 211 187 393 187 393
600 249 1 0 85 0 177 36 240 96 0 0 0 0
600 131 0 0 0 0 63 128 131 370 0 0 0 0
600 203 ! 0 0 1] 159 62 203 293 0 0 0 0
600 187 0 0 0 0 139 57 181 232 187 393 187 393
600 307 221 7 277 55 221 7 270 0 207 0 207 0
600 285 19 0 130 0 40 0 200 0 285 295 285 295
600 352 243 3 295 0 294 38 332 142 238 0 238 0
600 449 277 0 381 0 336 9 410 50 449 131 249 131
600 260 147 1 199 0 187 30 223 84 260 320 260 320
600 341 137 0 193 0 247 40 321 153 341 239 341 239
600 140 9 0 0 0 101 84 140 328 140 440 140 440
600 181 13 0 92 0 135 7 181 325 181 399 181 399
600 207 19 0 100 0 150 62 205 214 207 373 207 373
600 288 192 5 245 33 223 19 263 43 288 292 288 292
600 216 48 0 17 0 155 51 206 206 216 364 216 364
600 330 231 4 298 38 277 23 326 80 239 0 239 0
600 298 208 1 253 0 223 9 264 35 219 0 224 0
600 159 38 0 119 0 114 60 146 267 159 421 159 421
600 257 170 4 226 28 184 12 235 46 257 323 257 323
600 179 87 0 134 0 135 46 17 124 179 401 179 401
600 328 8 0 77 0 36 0 194 0 328 252 328 252
600 143 23 0 89 0 120 119 143 393 143 437 143 437
600 184 10 0 72 0 139 91 184 315 184 396 184 39
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600 177 83 0 143 0 134 46 176 133 86 [ 89 0
600 198 3 0 85 0 93 29 175 67 0 0 0 0
600 219 0 0 o 0 143 38 204 66 219 361 219 361
600 333 105 0 170 0 214 8 260 ¢ 126 0 126 0
600 316 199 2 249 0 211 3 252 0 i34 0 190 0
600 183 0 0 0 0 55 58 g 199 83 397 183 397
600 17 13 0 69 0 74 33 165 110 171 409 17t 409
600 146 26 0 96 0 12 81 142 246 146 434 146 434
600 157 0 0 0 0 5 48 156 106 157 423 157 423
600 222 4 0 0 0 i76 67 222 248 222 358 222 358
600 193 6 0 35 0 145 82 193 303 0 0 o o
600 22 160 0 198 0 79 5 178 0 2712 308 272 308
600 148 0 0 0 0 64 23 136 36 148 432 148 432
600 152 0 0 0 0 52 69 152 324 o 0 0 4]
600 284 126 0 192 0 181 16 255 98 284 296 284 2%
600 81 49 0 76 0 136 57 169 244 181 399 181 399
600 232 0 0 0 0 126 46 215 99 0 0 0 0
600 187 0 0 0 0 61 9 187 310 0 0 0 0
600 261 155 0 193 0 174 2 196 0 261 319 261 319
600 173 0 0 0 0 86 38 173 9 173 407 173 407
600 147 Q0 0 o 0 103 27 133 32 [ 0 0 [
600 217 0 0 0 0 162 86 194 308 217 363 217 363
600 179 0 0 0 0 88 40 171 94 0 0 0 0
600 187 0 0 0 0 120 32 187 49 0 0 0 0
600 109 0 0 o 0 36 95 109 436 109 471 109 471
600 215 0 0 0 0 105 37 159 124 0 0 0 0
600 285 180 0 219 0 190 0 226 ¢ 285 295 285 295
600 261 0 4] 0 0 148 S1 243 159 261 319 261 319
600 341 51 0 142 0 235 14 302 42 341 239 341 239
600 17 0 0 0 0 39 87 117 370 0 0 0 [}
600 139 0 0 O 0 65 28 133 129 0 0 0 0
600 331 104 0 {72 0 236 20 319 48 331 249 331 249
600 229 0 0 0 0 173 77 229 298 229 351 229 35t
600 369 245 7 299 48 292 22 338 51 369 2h 369 211
600 213 0 0 0 0 140 27 200 157 0 0 0 0
600 219 o 0 0 0 109 36 206 86 219 361 219 361
600 164 0 0 0 0 88 51 164 i53 0 0 o 0
600 200 ] 0 0 0 He6 25 178 62 0 0 0 0
600 274 63 0 114 0 186 19 257 67 274 306 274 306
600 15 0 0 0 0 45 89 10t 382 115 465 15 465
600 177 59 0 93 0 120 10 159 49 75 0 5 o
600 174 0 0 0 0 108 16 170 8 0 0 0 0
600 113 [ 0 0 0 29 42 104 0 13 467 [RE] 467
600 185 83 0 1? 0 142 34 179 93 185 395 185 395
600 445 199 0 252 0 293 7 363 0 260 0 260 ]
600 206 40 0 72 0 140 21 182 64 206 374 206 374
600 187 0 0 0 0 145 75 187 277 0 0 0 0
600 259 96 [ 147 0 163 i0 221 73 259 321 259 321
600 162 8 [ 53 0 78 43 143 170 162 418 162 418
600 112 0 0 0 0 25 54 110 216 112 468 12 468
600 170 0 0 0 0 58 65 170 207 0 0 0 0
600 228 0 0 0 0 76 il 196 0 228 352 228 352
600 183 69 0 108 0 105 4 152 0 8 0 0 0
600 163 0 ] 0 0 79 5 152 0 ¢ 0 0 0
600 167 0 0 0 0 53 49 167 153 167 413 167 413
600 213 20 0 79 0 129 3 183 0 55 0 55 0
600 250 0 ] 0 0 179 29 230 74 0 0 0 0
600 193 0 0 G 0 135 60 193 192 0 0 0 0
600 297 162 0 204 0 182 0 214 0 297 283 297 283
600 312 168 0 208 0 186 ¢ 214 0 312 268 312 268
600 185 0 0 ] 0 141 39 181 22 0 0 0 0
600 317 13 0 83 0 184 13 27 49 46 0 65 0
600 150 0 0 0 0 85 40 150 103 0 0 0 0
600 281 168 1 195 0 192 5 237 37 281 299 281 299
600 239 0 0 ] 0 173 60 220 263 0 0 0 0
600 301 147 0 186 0 194 i 237 0 301 279 301 279
600 450 233 0 268 0 309 9 390 46 247 0 248 0
600 204 0 0 0 Y} 68 12 159 0 204 376 204 376
600 121 0 0 0 0 27 59 112 266 121 459 121 459
600 324 0 0 0 0 0 0 & 0 0 0 0 0
600 12 0 0 0 0 25 54 8 157 (R¥4 468 12 468
600 114 0 0 0 0 31 59 92 246 i14 466 114 466
600 144 0 0 0 0 23 6 102 0 0 0 0 0
600 148 0 0 0 0 99 40 130 60 0 0 0 0
600 208 0 0 0 0 70 10 187 31 208 372 208 3n
600 334 0 0 0 0 0 0 0 0 334 246 334 246
600 146 0 0 '] 0 56 9 107 33 146 434 146 434
600 317 188 0 243 0 189 0 243 0 169 0 169 0
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600 342 0 0 0 0 0 0 0 0 0 0 0 0
600 i85 0 0 0 ] 101 42 181 76 0 0 0 0
600 308 59 0 120 0 181 4 276 1 0 0 0 0
600 256 0 0 0 0 i72 37 229 173 0 0 0 0
600 206 0 0 0 0 49 47 192 112 206 374 206 374
600 301 0 0 0 0 102 12 273 0 0 0 0 0
600 221 0 0 0 0 86 19 189 0 221 359 221 359
600 279 41 0 188 0 172 0 219 0 279 301 279 301
600 114 0 0 0 0 21 13 95 1 0 [ ] 0
600 267 0 0 0 0 183 40 235 107 267 313 267 313
600 159 0 0 0 0 52 57 159 242 0 ] 0 0
600 194 0 0 0 0 69 9 186 4 194 386 194 386
600 403 182 0 210 0 231 0 282 0 403 177 403 177
600 298 0 o 0 0 185 4 255 0 298 282 298 282
600 176 10 0 59 0 13 4 145 0 0 0 ] 0
600 206 24 ] 70 0 119 2 178 0 0 0 0 0
600 232 0 Q 9 Q 143 4 197 Q Q 0 0 0
600 325 159 0 201 0 209 1 247 0 169 0 169 0
600 425 183 0 230 0 303 4 357 0 425 155 425 155
600 128 0 0 0 0 34 57 113 200 0 0 0 0
600 318 135 0 159 0 195 0 213 0 170 4} 170 0
600 195 0 0 0 3} 85 6 157 0 195 385 95 385
600 346 0 0 0 0 0 0 0 [ 0 0 0 0
600 181 0 0 0 [t} 45 3 133 0 181 399 181 399
600 195 0 0 0 0 94 0 134 0 195 385 195 385
600 226 0 0 0 0 118 0 169 0 26 354 226 354
600 203 o 4] 0 0 48 21 182 55 203 377 203 377
600 147 0 0 0 0 32 5 103 0 147 433 147 433
600 281 110 0 120 0 152 0 179 0 126 0 126 0
600 369 169 0 199 0 243 0 302 0 369 21 369 211
600 328 101 0 142 ] 187 0 231 0 141 0 141 0
600 268 [ 0 0 0 59 1 211 0 0 0 0 0
600 280 0 0 0 0 128 0 194 0 280 300 280 300
600 223 o 0 0 0 tié 0 165 0 223 357 223 357
600 162 0 0 0 0 33 4 124 0 162 413 162 418
600 410 142 0 156 0 259 ! 308 0 172 0 172 0
600 396 121 0 146 [} 216 0 255 0 396 184 396 184
600 166 0 0 0 0 65 33 152 95 166 414 166 414
600 249 0 0 0 0 136 15 196 0 249 331 249 331
600 264 0 0 0 o 55 2 185 0 0 0 0 0
600 249 0 0 ] 0 132 i 177 0 249 33 249 331
600 159 0 0 0 0 41 32 139 83 159 421 159 421
600 193 0 0 0 0 41 0 151 0 193 387 193 387
600 175 Q Q 0 0 7 27 158 60 175 408 175 405
600 378 157 0 203 0 205 0 245 4 153 0 153 0
600 213 0 0 0 0 50 6 157 38 213 367 213 367
600 258 0 0 0 0 59 1 191 0 0 1] 0 4]
600 166 0 0 0 0 %0 42 166 48 0 (4] 0 0
600 227 0 0 0 0 0 0 0 0 227 353 227 353
600 261 75 0 88 0 147 0 171 0 261 319 261 319
600 122 0 0 0 0 27 20 100 0 0 0 0 0
600 146 0 0 (4] 0 29 33 135 134 146 434 146 434
600 250 79 0 94 ] 143 0 184 ] 250 330 250 330
600 157 0 0 0 0 58 37 147 135 0 0 0 4]
600 257 0 0 0 0 55 0 i85 0 0 0 4 0
600 290 120 0 155 0 154 0 202 0 131 0 131 0
600 143 0 0 0 0 29 17 113 30 143 437 143 437
600 300 12 0 0 0 148 0 196 0 0 0 0 0
600 120 0 0 0 0 24 32 76 45 0 0 0 0
600 387 i21 0 156 0 206 0 235 0 387 193 387 193
600 148 0 0 0 0 43 6 109 0 0 0 0
600 217 0 0 0 0 54 0 164 0 217 363 217 363
600 144 0 0 0 o 30 32 96 77 o 0 0

600 225 0 0 0 0 87 17 211 46 0 0 0

600 162 0 0 0 0 67 20 142 0 162 418 162 418
600 189 0 ] 0 0 44 ] 162 0 ] 0 0 0
600 336 0 0 0 0 0 0 0 0 0 0 0 0
600 281 0 0 0 0 0 0 0 0 0 0 0 0
600 123 0 0 0 0 27 33 89 68 123 457 123 457
600 193 0 0 0 0 43 0 162 0 193 387 193 387
600 171 0 0 0 0 86 7 139 84 0 0 0 0
600 334 0 0 0 0 165 0 216 0 334 246 334 246
600 120 0 0 0 0 16 18 83 41 120 460 120 460
600 143 0 0 0 0 26 0 88 0 43 437 143 437
600 301 0 0 0 0 11 0 174 4] 0 0 0 0
600 267 0 0 ¢ 0 41 o 177 0 0 0 0 0
600 139 0 0 0 0 15 0 31 0 0 0 0 0
600 385 155 0 190 0 219 0 278 0 128 0 128 0
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600 182 0 0 0 0 32 6 130 2 182 398 182 398
600 20t 0 0 0 0 29 10 44 9 0 0 0 0
600 346 0 0 0 0 0 0 0 o 346 234 346 234
600 476 78 0 121 0 208 0 260 0 476 104 476 104
600 255 76 0 99 0 mnm 0 120 0 255 325 255 325
600 200 0 0 0 0 39 0 122 0 200 380 200 380
600 179 0 0 0 0 72 0 14 0 179 401 179 401
600 198 0 0 0 0 32 0 135 0 0 0 0 0
600 128 0 0 0 0 1 0 0 0 128 452 128 452
600 262 101 0 113 0 120 0 144 0 93 0 93 0
600 268 34 0 109 0 121 0 160 ¥ 268 312 268 312
600 208 0 0 0 0 35 0 133 0 208 37 208 3n
600 340 120 0 147 0 149 0 188 0 340 240 340 240
600 176 0 0 0 0 20 1 36 0 176 404 176 404
600 I51 0 0 0 0 19 0 55 0 0 0 0 0
600 469 70 0 86 0 0 0 0 0 469 i 469 111
600 53 0 0 0 0 21 0 77 0 153 427 153 427
600 229 ] 0 0 1] 100 0 147 0 229 351 225 351
600 415 42 0 69 0 187 0 235 0 106 0 106 ¢
600 181 o 0 0 0 57 2 137 0 0 4 0 0
600 283 9 0 0 0 137 0 148 0 N 4 91 0
600 185 0 0 0 0 i 0 0 0 185 395 185 395
600 229 0 0 0 0 33 0 141 0 0 0 0 0
600 205 0 0 0 0 24 2 13 0 205 375 205 375
600 204 0 O Q 0 28 s 183 o 204 376 204 376
600 132 0 0 0 0 15 5 52 0 132 448 132 448
600 274 61 0 80 0 122 0 150 0 {10 0 1o 0
600 252 0 0 0 0 41 ] 137 [ 0 0 0 0
600 185 0 0 0 0 24 7 63 0 i85 395 185 395
600 132 0 0 0 0 17 3 53 0 132 448 132 443
600 302 0 0 0 0 17 0 i79 0 302 278 302 278
600 247 0 0 0 0 90 0 136 0 247 333 247 333
600 350 65 0 92 0 163 0 191 0 350 230 350 230
600 184 0 0 0 0 0 0 0 0 184 396 184 396
600 178 0 0 0 0 48 12 138 0 178 402 178 402
600 154 0 [ 0 0 30 4 108 4] 154 426 154 426
600 185 0 [ 0 0 70 Y 121 0 0 0 0 0
600 155 0 0 0 0 41 5 135 8 155 425 155 425
600 429 104 0 127 0 227 0 2N 0 190 0 190 0
600 482 8s 0 132 0 50 0 20 0 1 0 1 0
600 185 0 0 0 o 77 o 124 0 185 395 185 395
600 239 0 0 0 0 32 0 131 0 239 341 239 341
600 206 0 0 0 0 9 0 134 0 0 0 0 0
600 234 0 0 0 0 34 0 148 0 0 0 0 0
600 288 33 0 66 0 128 0 167 0 288 292 288 292
600 183 120 0 HH 0 141 0 141 0 m 0 111 0
600 185 0 0 0 0 149 0 149 0 0 0 0 0
600 146 0 0 0 [ 108 0 108 0 0 0 0 0
600 264 0 0 0 0 212 0 212 0 o 0 0 0
600 214 130 0 130 0 164 0 164 0 130 0 130 0
600 176 L3 0 92 0 130 0 130 0 80 0 80 0
600 179 109 0 109 0 137 0 137 0 108 0 108 0
600 247 133 0 133 0 189 0 189 0 0 0 0 0
600 128 0 0 0 0 94 0 94 0 0 0 0 0
600 k4 195 0 195 0 247 0 247 0 195 0 195 0
600 244 148 0 148 0 188 ] 188 0 148 0 148 0
600 168 0 0 0 0 136 0 136 0 0 0 0 0
600 174 0 0 0 0 128 0 128 0 0 0 0 0
600 219 1S 0 115 ] 163 0 163 0 104 0 104 0
600 262 0 0 0 210 0 210 0 0 0 0 0
600 288 220 0 220 0 208 0 208 0 220 0 220 0
600 201 123 0 123 0 155 0 155 4 122 ¢ 122 0
600 339 207 0 207 0 261 0 261 o 205 0 205 0
600 155 0 0 [ 0 s 0 115 0 0 0 0 (]
600 467 359 0 359 0 339 0 339 0 357 0 357 0
600 198 106 0 106 0 152 0 152 o 0 0 0 ]
600 238 i24 0 124 0 176 0 176 0 114 0 14 o
600 241 147 g 147 Q 185 0 185 0 145 g 145 0
600 220 118 0 118 0 168 0 168 0 0 0 0 ]
600 189 0 0 0 0 151 0 151 0 0 0 0 0
600 192 116 0 116 0 148 0 148 0 tie 0 116 0
600 245 0 0 0 0 197 0 197 0 0 0 0 0
600 246 150 o 150 0 190 0 190 0 148 o 148 0
600 241 125 0 125 0 177 0 177 0 s 0 15 0
600 179 97 0 97 0 137 0 137 0 0 0 0 0
600 184 12 0 12 0 142 0 142 0 Il 0 11 0
600 249 129 0 129 0 183 0 183 0 120 0 120 0
600 202 122 0 122 0 154 0 154 0 122 0 122 0
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600 215 3 0 31 0 165 ¢ 165 0 129 0 129 0
600 158 82 ] 82 0 it6 0 116 Y 69 0 69 0
600 210 28 0 128 0 162 0 162 0 127 0 127 [
600 207 0 0 0 0 153 0 153 0 0 0 0 0
600 206 126 0 126 0 158 0 158 0 125 0 125 0
600 468 358 0 358 0 338 0 338 4 358 0 358 0
600 122 0 0 0 0 90 0 90 ¢ 0 ¢ 0 0
600 158 0 0 0 0 126 0 126 0 0 0 0 0
600 168 88 ¢ 88 0 124 0 124 0 76 0 76 0
600 151 79 G 9 0 14 0 1 0 65 0 65 0
600 317 17 0 171 0 245 0 245 0 0 0 0 0
600 303 231 0 231 0 219 0 219 0 231 0 231 0
600 185 0 o 0 0 137 0 137 0 0 ] 0 0
600 167 0 0 0 0 135 0 135 0 0 0 Y} 0
600 246 128 0 128 0 182 0 182 0 118 0 18 0
600 302 232 0 232 0 218 0 218 0 234 0 231 0
600 378 290 0 290 0 274 0 274 0 289 0 289 0
0.1 600 238 15 0 32 0 164 0 185 0 238 342 238 342
600 208 121 0 139 0 162 0 i78 0 118 0 118 0
600 175 1 0 66 0 123 0 139 [} 0 0 0 0
600 185 Ie 0 117 0 142 0 153 0 106 0 106 0
600 194 28 0 104 0 158 1 174 0 194 386 194 386
600 256 1 0 163 0 206 0 226 [ 3 0 0 0
600 111 0 0 0 o 26 0 94 0 0 0 0 0
600 198 2 0 0 0 136 0 148 0 0 0 0 0
600 254 51 0 148 0 169 0 187 0 0 o 0 0
600 228 6 0 0 Y 163 0 176 0 228 352 228 352
600 151 46 0 91 0 124 0 136 0 37 4 0 0
600 217 28 0 108 0 15t 0 173 0 0 0 0 0
600 13 0 0 0 0 4t 0 105 0 0 0 0 0
600 284 214 ] 230 0 208 0 216 0 217 0 217 0
600 151 0 o 0 0 108 0 120 0 0 0 0 0
600 131 0 0 0 1] 44 0 103 4] 0 0 0 0
600 228 38 0 127 0 188 2 207 0 0 0 0 0
600 446 308 0 321 0 327 0 341 0 446 134 446 134
600 207 42 0 110 0 7 2 176 0 207 373 207 373
600 150 1 ) o 4] 107 0 118 0 150 430 150 430
600 310 236 0 249 0 224 0 238 0 310 270 310 270
600 169 0 0 0 0 46 0 142 0 0 0 0 0
600 262 58 0 146 0 212 0 238 0 0 0 0 0
600 207 42 0 108 0 172 0 189 0 1 0 ] 0
600 209 26 0 104 0 144 0 155 0 ! 0 0 0
600 211 127 0 132 0 157 0 163 0 211 369 211 369
600 48 0 0 0 0 37 0 114 0 148 432 148 432
600 239 48 0 128 0 195 0 210 0 3 0 0 0
600 226 45 0 136 0 i83 2 198 0 0 0 0 0
600 296 224 0 238 0 211 o 217 0 296 284 296 284
600 237 140 0 157 0 176 0 189 0 139 0 139 0
600 17 0 0 0 0 26 0 95 0 117 463 117 463
600 209 52 0 120 0 159 i 185 0 209 371 209 n
600 268 20 0 0 0 i93 0 247 0 268 312 268 312
600 405 276 0 300 0 302 4] 317 0 405 175 405 175
600 319 177 0 198 0 238 0 261 0 175 0 175 0
600 158 0 0 0 0 36 Y 112 0 158 422 158 422
600 150 4 0 0 0 100 0 108 0 150 430 150 430
600 138 4 0 0 0 104 0 11 0 0 0 0 0
600 210 I 0 0 0 141 0 160 0 0 0 ] 0
600 381 287 0 297 [ 276 0 286 0 381 199 381 199
600 280 153 0 168 0 219 0 243 0 280 300 280 300
600 295 225 0 245 0 212 0 213 0 295 285 295 285
600 239 139 0 157 0 194 1 215 0 239 341 239 341
600 146 31 0 80 0 114 1 120 0 2 ¢ 0 0
600 205 0 0 0 0 147 0 160 0 0 0 0 0
600 272 173 0 184 0 204 0 223 0 156 0 156 [¢]
600 217 37 0 121 0 151 0 158 0 217 363 217 363
600 186 o o 0 0 136 0 153 0 186 394 186 394
600 316 200 0 222 0 240 0 264 0 316 264 316 264
02 600 250 16 0 72 0 194 69 250 295 0 0 0 0
600 228 1s 0 154 4] 167 10 203 K 228 352 228 352
600 181 0 (] 0 0 141 33 171 72 0 0 0 0
600 185 39 0 120 0 139 58 164 107 0 0 [} 0
600 179 2 0 0 0 144 64 172 135 179 401 179 401
600 268 10 0 0 0 199 34 24} 76 0 0 0 0
600 250 0 0 0 0 1 0 0 0 0 0 0 0
600 181 85 0 121 0 129 13 149 61 181 399 181 399
600 226 101 0 141 0 179 24 210 70 226 354 226 354
600 136 8 0 0 0 12 64 136 27 136 444 136 444
600 252 125 0 155 0 180 12 219 42 133 0 137 o
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600 308 209 0 226 0 229 4 240 0 225 0 225 0
600 283 209 4 229 0 21 4 242 0 207 0 207 0
600 244 141 0 163 0 184 25 230 87 131 0 13 0
600 212 41 0 138 0 163 46 207 132 6 0 0 0
600 382 252 0 282 0 292 6 341 30 275 0 275 0
600 122 0 0 0 0 4 138 122 458 122 458 122 458
600 212 0 0 0 0 70 52 209 181 0 0 0 0
600 249 145 0 176 0 173 9 224 3 142 0 143 0
600 304 213 0 247 0 223 2 247 0 304 276 304 276
600 253 42 0 120 0 188 29 223 65 253 327 253 327
600 255 i 0 160 0 193 8 237 it 255 325 255 325
600 144 0 0 0 0 119 3 144 34i 144 436 144 436
600 251 20 0 76 0 194 35 240 110 251 329 251 329
600 180 80 0 99 0 136 12 156 0 99 1] 9 o
600 186 0 0 0 0 150 43 186 235 186 394 186 394
600 120 6 0 0 0 62 97 120 405 0 0 0 0
600 229 28 0 84 0 165 30 216 86 229 351 229 351
600 141 S 0 0 0 114 68 141 267 t4t 439 141 439
600 177 84 0 1t6 1] 131 12 160 2 177 403 177 403
600 124 0 0 0 0 36 59 120 240 124 456 124 456
600 200 121 0 150 0 148 19 192 82 19 0 121 0
600 145 o 0 0 0 34 66 138 202 0 0 0 0
600 196 23 0 109 0 155 3i 192 30 196 384 196 384
600 274 21 0 67 0 202 3i 274 105 274 306 274 306
600 292 123 0 t67 0 224 25 274 96 165 0 165 0
600 it6 0 0 0 0 52 8% 113 281 116 464 it6 464
600 244 153 0 187 0 175 3 226 0 244 336 244 336
600 254 131 0 175 0 202 22 238 82 132 0 132 0
600 226 34 0 133 0 167 44 215 226 226 354 226 354
600 2i8 5 0 0 0 170 48 218 113 0 0 Q 0
600 203 0 0 0 0 30 1 108 0 0 0 0 0
600 186 10 0 0 0 151 54 186 274 ] 0 0 0
600 275 213 14 219 73 227 22 258 95 206 0 206 V]
600 152 4 0 0 0 120 63 148 209 0 0 0 0
600 230 5 0 0 0 83 49 230 158 0 0 0 0
600 184 2t 0 79 0 138 27 169 37 i} 0 ¢ 0
600 250 1?7 0 37 o 184 31 238 68 250 330 250 330
600 345 0 0 0 0 271 47 336 168 345 235 345 235
600 177 80 0 104 0 125 8 147 0 93 Q 93 0
03 600 144 17 0 52 0 119 140 136 421 144 436 144 436
6060 187 37 9 129 0 154 17 187 383 187 393 187 393
600 173 0 0 0 0 64 90 173 351 173 407 173 407
600 203 92 24 197 12 164 88 203 291 203 377 203 377
600 149 5 ¢ 0 0 103 78 149 351 0 0 0 0
600 212 0 0 4 0 55 52 196 180 212 368 212 368
600 163 17 0 70 0 114 59 157 153 163 417 163 417
600 223 107 2 185 0 172 66 203 248 107 0 107 0
600 280 i o o 0 226 81 280 280 280 300 280 300
600 331 219 7 277 31 283 51 321 171 33t 249 331 249
600 263 2 0 o 0 31 i 114 0 0 0 0 0
600 332 233 16 292 62 254 24 316 95 332 248 332 248
600 208 39 3 156 0 171 102 208 368 208 3n 208 n
600 24 122 7 197 1 155 44 205 106 214 366 214 366
600 460 261 0 319 0 348 18 420 76 460 120 460 120
600 124 ¢ 0 0 0 50 141 124 448 0 0 0 0
600 171 42 3 122 0 150 133 171 391 171 409 171 409
600 325 S 0 0 0 36 0 154 0 0 0 0 0
600 228 49 6 159 0 174 95 228 334 0 0 0 0
600 138 4] 0 Q 0 86 90 136 362 0 0 0 0
600 263 211 41 263 103 226 60 263 273 263 317 263 37
600 284 212 20 250 109 230 54 273 196 223 0 225 0
600 345 27 22 339 109 297 40 339 134 252 0 252 0
600 240 8 0 40 0 143 81 230 2717 0 0 0 0
600 374 278 i5 349 7 316 47 365 138 254 0 254 0
600 195 29 0 127 0 147 97 195 3719 195 385 195 385
600 233 122 7 201 i 194 101 233 313 233 347 233 347
600 146 0 0 0 0 61 111 146 409 0 0 0 0
600 435 284 7 354 0 340 16 415 88 303 o 309 0
600 237 54 0 102 0 190 80 237 306 237 343 237 343
600 236 67 0 123 0 174 52 236 234 128 0 128 0
600 239 i4 0 49 0 168 64 239 260 239 341 239 341
600 369 266 14 330 43 310 41 350 114 369 21 369 21
600 258 41 2 131 0 206 92 258 316 ] 0 0 0
600 241 116 0 185 0 175 40 241 175 241 339 241 339
600 183 16 0 43 0 149 17 183 412 183 397 183 397
600 238 60 16 170 0 185 100 224 336 0 0 0 0
600 162 29 i 1n? 0 129 102 155 405 0 0 0 0
600 370 259 14 324 56 272 20 332 91 267 0 270 0
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600 196 18 6 s7 0 165 12 196 379 196 384 196 334
600 316 205 6 244 0 231 17 294 54 224 0 224 0
600 373 201 0 260 0 289 24 338 53 3713 207 373 207
600 305 204 6 279 18 226 I3 279 30 305 275 305 275
600 1706 0 0 0 0 68 105 170 405 170 410 170 40
600 277 208 21 259 39 216 30 260 98 203 0 203 0
600 138 9 0 ¢ 0 109 125 138 428 138 442 138 442
600 275 193 10 240 43 209 20 247 84 275 305 275 305
600 286 83 21 263 59 37 0 153 0 0 0 0 0
600 308 137 2 223 0 240 50 293 231 308 272 308 272
600 392 225 2 293 0 307 39 372 i41 392 188 392 188
0.4 600 347 209 16 294 62 289 62 347 218 257 0 273 0
600 380 213 16 297 38 168 4 189 0 n 0 2n 0
600 198 23 10 97 0 139 106 184 387 198 382 198 382
600 91 8 7 0 ] 66 12 180 393 0 [ 0 0
600 208 23 8 92 0 169 141 205 356 205 375 205 375
600 142 0 0 0 0 50 13 142 349 0 0 0 0
600 303 161 8 235 19 220 39 286 164 303 277 303 277
600 3 103 12 226 0 258 102 31 219 107 0 107 0
600 273 169 12 229 22 213 39 273 181 192 0 194 0
600 137 21 24 28 106 44 98 137 334 137 443 137 443
600 228 30 8 106 0 182 100 228 350 0 0 ¢ 0
600 268 36 10 165 2 61 25 166 88 268 312 268 312
600 338 2 0 0 Q 66 20 263 34 338 242 338 242
600 13t 6 7 0 0 61 147 131 460 131 449 131 449
600 226 16 1 56 0 187 127 226 338 226 354 226 354
600 403 245 12 352 75 338 42 393 176 262 0 268 0
600 295 142 22 225 99 234 90 295 273 295 285 295 285
600 162 0 0 0 0 127 134 162 429 162 418 162 418
600 217 2 0 0 0 152 109 217 360 217 363 217 363
600 200 81 1 165 21 155 104 200 390 200 380 200 380
600 284 55 2 181 0 235 87 284 296 136 0 143 o
600 367 214 10 323 12 292 46 367 180 367 213 367 213
600 138 10 17 6 S3 71 169 138 456 138 442 138 442
600 237 6 0 0 0 185 108 237 358 0 0 0 0
600 285 213 30 284 97 242 8] 285 249 285 295 285 295
600 204 i 0 0 4] 137 106 204 350 204 376 204 376
600 270 144 9 181 0 203 44 264 209 178 0 185 0
600 173 0 0 0 0 140 150 173 421 0 0 0 0
600 197 20 6 65 0 161 129 197 395 197 383 197 383
600 154 0 0 0 0 120 129 154 410 154 426 154 426
600 307 194 18 277 44 262 76 307 247 307 273 307 2713
600 170 4 0 0 0 120 108 170 381 0 0 0 0
600 218 23 8 86 0 39 29 148 15 ] 1] 0 0
600 208 89 18 162 53 171 103 208 34 87 0 87 0
600 328 0 0 0 0 74 34 246 150 328 252 328 252
600 303 244 66 303 255 256 75 303 260 303 277 303 277
600 224 88 18 182 50 174 100 224 365 224 356 224 356
600 276 215 53 276 199 235 78 276 239 276 304 276 304
600 168 22 25 64 4] 147 162 168 422 0 0 0 0
600 179 63 7 92 14 133 83 179 386 179 401 179 401
600 216 I 0 0 0 156 108 216 378 ] 0 0 0
600 174 21 4 105 0 143 120 174 418 174 406 174 406
600 447 247 10 364 48 ] 0 0 0 447 133 447 133
600 478 212 1 303 0 t 0 0 0 319 0 319 0
600 250 13 o 0 0 203 99 250 337 250 330 250 330
600 167 9 2 0 0 85 19 167 407 167 413 167 413
600 36 9 13 218 0 250 78 316 260 316 264 316 264
600 225 45 24 178 80 187 125 225 316 225 355 225 355
600 194 0 0 0 0 51 78 155 370 194 386 194 386
600 252 50 24 184 78 193 s 252 262 252 328 252 328
05 600 188 20 19 0 0 68 99 188 361 188 392 188 392
600 225 9 7 0 0 38 42 12t 77 0 o 0 0
600 210 49 52 180 222 155 132 210 383 32 0 0 ¢
600 122 0 0 0 0 49 147 122 454 0 0 0 0
600 158 16 13 57 1 78 141 158 429 158 422 158 422
600 140 0 0 0 0 54 135 140 452 140 440 140 440
600 150 0 0 0 0 ky 126 132 398 150 430 150 430
600 108 10 7 45 0 42 143 108 411 0 0 0 0
600 292 41 10 132 45 217 97 288 288 55 0 76 0
600 244 77 67 244 233 181 120 244 335 13 0 0 0
600 183 35 20 167 34 154 t41 183 409 183 397 183 397
600 197 39 9 112 0 140 87 197 301 88 0 93 0
600 219 100 45 219 160 185 131 219 376 92 0 101 0
600 440 182 8 310 6 35 0 82 0 440 140 440 140
600 365 17 5 236 0 286 68 365 226 240 0 251 0
600 165 2 1 0 0 129 150 165 407 0 0 0 0
600 207 S8 il 179 0 155 124 207 366 207 373 207 373
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600 249 105 44 186 142 193 100 249 296 249 331 249 33
600 245 2 0 ] 0 208 139 245 350 0 0 0 0
600 149 16 18 68 43 77 143 149 437 149 431 149 431
600 275 29 14 149 37 218 114 275 308 275 305 275 305
600 153 16 18 88 44 68 116 153 421 0 0 [ 0
600 363 16 6 217 2 27 59 363 195 363 217 363 217
600 117 28 40 s 152 36 121 17 433 0 0 0 0
600 280 16 3 0 0 182 103 280 306 280 300 280 300
600 455 64 1 126 0 26 0 90 0 455 125 455 125
600 394 8 5 135 0 315 52 393 139 212 0 214 0
600 147 41 3 120 307 109 1683 147 443 147 433 147 433
600 128 7 12 0 0 43 146 128 461 128 452 128 452
600 162 3 6 0 0 85 134 162 429 162 418 162 418
600 276 41 18 166 44 213 109 276 317 0 0 0 0
600 317 32 5 99 0 245 106 n7 274 37 263 7 263
600 277 68 19 207 3 232 i3 277 314 277 303 277 303
600 240 21 8 68 0 154 123 240 351 240 340 240 340
600 178 42 38 133 122 138 150 178 398 0 0 0 0
600 250 3 4 0 0 138 i3 250 340 0 0 0 0
600 109 0 0 0 0 41 156 109 482 109 471 109 471
600 303 3 0 0 0 7t 52 269 137 303 2n 303 277
600 289 52 34 212 165 237 103 289 305 289 201 289 201
600 241 S6 35 200 92 176 105 241 340 241 339 241 339
600 160 32 ] 120 283 105 150 166 406 3 0 0 0
600 202 20 20 4 34 130 133 202 390 202 378 202 378
600 308 185 32 297 120 233 56 308 190 190 0 201 0
600 277 159 56 277 214 222 112 277 302 277 303 277 303
600 245 19 9 n 0 200 119 245 321 245 335 245 335
600 241 ¢ 0 0 0 137 101 241 318 0 0 0 0
600 178 16 7 42 0 130 157 178 417 178 402 178 402
600 187 20 19 103 30 146 149 187 404 0 0 0 0
600 338 191 23 297 41 289 89 338 247 197 0 214 0
600 312 166 20 271 73 243 72 291 266 206 0 213 0
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Duration Threshold FAPI
Tot D Tot FA FAD FAFA TotD Tot FA FAD FAFA TotD Tot FA FAD FAFA
85.68
718.61% 19.58% 99.54% % 83.16% 29.98% 97.20% 85.61% 91.65% 48.43% 91.3%% 48 66%
31.09
54.00% 5.12% 90.09% % 76.11% 23.51% 92.04% 77.30% 86.31% 62.06% 85.36% 62.06%
40.65% 0.35% 65.23% 1.51% 72.38% 14.43% 92.79% 52.06% 82.74% 62.76% 82.83% 62.76%
18.80% 0.05% 28.90% 0.25% 60.16% 10.38% 90 75% 3461% 65.05% 54.52% 65.11% 54.52%
17.20% 001% 23.45% 0.00% 48 35% 521% 74.89% 14.70% 51.54% 41.34% 51.64% 41.34%
10 55% 0.00% 12.75% 0.00% 38.09% 257% 69 25% 5.60% 61.81% 56.42% 61 81% 56 42%
891% 0.00% 11.77% 0.00% 28.00% 0.35% 49.90% 011% 65.01% 61.12% 65.01% 61.12%
Vary
Noise,
N=2
23.50
40.65% 035% 61.00% % 69.86% 14.00% 92.12% 48 56% 80.63% 63 14% 80.76% 63.14%
45.62% 0.00% 45.62% 0.00% 73.48% 0.00% 73.48% 0.00% 39.27% 0.00% 39.27% 0.00%
34.64% 0.00% 46.96% 0.00% 70.43% 0.05% 80.6%% 0.00% 59.18% 40.83% 58.76% 40.83%
27 84% 0.09% 39.23% 0.38% 69.70% 947% 89.47% 3227% 61.23% 44.73% 61 24% 44 73%
40.25% 1.78% 61 61% 4.10% 70.71% 19.09% 93.05% 67.68% 72.60% 55.35% 72.68% 55.35%
30.83% 3.11% 51.77% 8.09% 63.46% 25.23% 87.53% 81.86% 76.65% 61.77% 76.96% 61.77%

Table B.17 Velocity and Length Testing Results

S RatePixel X Pixel Y Noise T Info# N FARI FAR2 Analysis CL Length Speed Actual length %DiffL. CV  %Diff v
120 30 30 00t 1 26 14 50 TP 454 30.73 29.06 457 0.0066 0.0575
120 30 30 00! 1 28 10 50 T/P 4.59 2425 2388 0.0044 0.0155
120 30 30 0.01 1 238 10 50 T 5.08 26.38 24 06 01116 0.0964
120 30 30 0.01 1 24 10 50 7w 4.45 2497 22,44 0.0263 G.1142
120 30 30 001 1 2 8 50 7P 52 24 66 24 0.1379 0.1004
20 30 30 001 29 10 10 7 471 18.16 16.86 0.0306 0071
120 30 30 001 1 15 15 50 D/P 427 19.76 18.12 0.0656 0.0905
120 30 30 0.01 1 25 25 50 TP 478 17.23 1586 0.0460 0.0864
120 30 30 001 1 25 20 50 7 444 19.67 18.01 0.0284 0.0922
120 30 30 001 1 23 15 30 7 473 25.51 2358 0.0350 0.0818
120 30 30 001 i 25 20 50 ™7 4.06 2981 28.16 01116 L Avg 00586
120 30 30 001 1 27 9 50 TP 518 23.02 2123 0.1335 46862 00843
120 30 30 0.01 1 26 15 50 TP 489 26,03 2401 0.0700 0.0254  0.0B41 0.0799
120 30 30 002 2 5 80 P 3.69 18.62 18.01 0.1926 % error 0.0339
120 30 30 0.02 ! 3 10 80 T/P 4.44 18.76 20.35 0.0284 0.0781
120 30 30 0.02 i 3 10 50 T/P 4386 16.99 16.86 0.0635 0.0077
120 30 30 002 1 21 40 80 D/F 477 2183 225 0.0438 0.0298
120 30 30 0.02 f 25 8 S0 TP 444 1876 18.01 0.0284 0.04i6
120 30 30 002 i 29 6 50 TP 4 26.47 2315 00306 LAvg 01434
120 30 30 002 ] 25 6 50 TP 448 2533 2315 00197 44013 00942
120 30 30 002 1 3 20 50 T/P 382 2821 239 0.1641 0.0369  0.1803 0.076]
120 30 30 003 1 11 15 80 D/F 4.68 2553 26.24 0.0241 %error 00271
120 30 30 003 | 47 30 80 D/F 445 2717 26.24 0.0263 00354
120 30 30 003 | 26 20 140 T/F 521 29.06 2892 0.1400 0.0048
120 30 30 003 1 25 35 80 D/P $53 16.28 17 02101 00424
120 30 30 003 1 6 35 80 D/P 431 2554 23.54 00525 0.0850
120 30 30 003 1 7 60 80 D/P 445 209 14.77 0.0263 0.4150
120 30 30 003 1 27 20 100 D/P TI 474 2249 323 00372 LAvg 03037
120 30 30 003 ) 4 30 80 TP LAvg S.12 13.49 1477 avgv 01204 49456 0.0867
60 30 30 0.03 1 2.8 25 10 T/P 4.69 5.52 36.58 28.26 1219 02079 0.0822 0.2944 0.143§
60 30 30 003 2 32 15 150 ™ 10.55 2228 25.03 10,19 00353 %error 01099
60 30 36 003 2 45 15 80 D/F 1091 26.68 2548 0.0707 0.0471
60 30 30 0.03 2 25 40 150 TP 1125 1459 14.45 0.1040 0.0097
60 30 36 003 2 15 28 80 D/F 1145 2038 19.08 01237 0.0681
60 30 30 003 2 42 33 80 TP 891 18 18 19.08 0.1256 0.0472
60 30 30 003 2 33 20 40 ™ 991 2174 2151 0.0275 0.0107
60 30 30 003 2 26 33 150 T/F 11.61 17.65 18 0.1394 00194
60 30 30 003 2 45 50 150 T/F 11.24 221 2222 01030 L Avg 00054
60 30 30 003 2 45 10 150 TF 9.92 1729 16.78 0.0265 10.6290 0.0304
60 30 30 0.03 2 33 10 80 T/F 10.54 2231 2222 0.0343  0.0431 0.0041 0.0352
60 30 30 002 2 33 15 55 T/F 10.81 2129 2222 0.0608 % error 0.0419
60 30 30 002 2 1 22 55 D/P 9.63 14.86 1538 0.0550 0.0338
60 30 30 002 2 ] 5 10 Dp 10.34 1477 15.38 0.0147 0.0397
60 30 30 002 2 13 15 55 DFF 10.04 1716 19.95 0.0147 0.1398
60 30 30 0.02 2 I3 N 55 DF 10.87 1739 16 86 0.0667 00314
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60 30 30 002 2 13 s S5 D/F 10.06 17.35 16.86 0.0128 00291
60 30 30 002 2 24 15 55 pe 10.14 17.04 15.82 0.0049 00771
60 30 30 002 2 4 25 0 Tw 11.07 18.9 15.82 0.0864 0.1947
60 30 30 002 2 35 15 i5 T/F 10.72 2599 2503 00520 0.0384
60 30 30 002 2 1 I 55 D/F 987 2215 2279 00314 LAvg 00281
60 30 30 002 2 3 15 55 D/F 10.31 20.67 19.25 00118 103325 0.0738
60 30 30 002 2 L5 15 55 DF 10.13 2031 20.69 0.0059 00140 0.0184 0.0622
60 30 30 0.01 2 1 15 55 DfF 10.52 2251 20.69 00324 %error 00880
60 30 30 0.01 2 23 10 30 /P 9.77 1384 1341 0.0412 00321
60 30 30 o001 2 25 30 0 D/P 9.93 2537 2283 0.0255 0.1113
60 30 30 o001 2 LS il 55 D/F 10.14 15.54 15.66 0.0049 0.0077
60 30 3 001 2 21 22 S5 TP 9.89 2146 2278 0.0294 0.0579
60 30 36 o061 2 3 30 0 D/P 9.52 25.16 22.78 0.0658 0.1045
60 30 30 0.01 2 i 15 0 D/p 10.41 14.41 14 45 0.0216 0.0028
60 30 30 0.01 2 1.5 11 55 D/F 10.41 1535 15.26 0.0216 0.0059
60 30 30 0.01 2 26 1 35 TF 104 202 21 5¢ 0.0206 0.0609
60 30 30 0.01 2 24 11 55 T/F 10.15 16.17 17.78 0.0039 0.0906 0.0561
120 30 30 o001 2 3 30 15 7w 10.72 16.21 15.54 0.0520 0.0431
120 30 30 001 2 3 10 0 TP T2 965 2584 2428 00530 LAvg 00643
120 30 30 0.01 2 21 5 $5 TP LAvg 946 2353 2388 avgv 00716 100179 00147
120 30 30 0.01 2 3 30 0 D/P 10.3 9.28 15.24 14.46 0186 00893 0.0169 0.0539 0.0527]
60 30 30 0.03 3 5 15 15 TP 16.12 19.91 20.12 2489 03524 %error 0.0104
126 45 30 0.03 3 4 30 15 TP 17 2045 2012 0.3170 0.0164
60 45 30 0.03 3 4 30 15 TP 2619 2094 20.12 00522 LAvg 00408
60 45 36 003 3 4 30 15 T/P 2429 11 10.92 0.0241 212460 0.0073
60 45 30 0.03 3 4 13 30 T/P 22.63 14.57 13.42 0.0908 0.1464 00857 0.032]
60 45 30 002 3 3 5 15 T/P 23.15 10.66 10.21 0.0699 %error  0.0441
60 45 30 002 3 3 5 15 T/P 2758 233 1985 0.1081 0.1738
60 45 30 002 3 3 15 30 TP 2185 1145 1112 0.1221 0.0297
60 45 30 0062 3 3 15 0 TP 2307 15.26 13.79 0.0731 0.1066
60 45 30 002 3 3 i5 55 TP 20.65 18.67 20.12 0.1703 0.0721
60 45 30 002 3 4 10 50 TP 2096 127 12.43 0.1579 0.0470
60 45 30 002 3 4 10 0 T/P 27.82 13.14 12,57 0.1177 0.0453
60 45 30 002 3 3 8 55 T 2526 13.66 1257 00149 0.0867
60 45 30 0.02 3 3 8 55 TP 2378 1283 12.78 00446 L Avg 0.0039
60 45 30 0.02 3 3 8 55 7P 23.66 19.87 £2.78 0.0494 23.4645 0.5548
60 45 30 002 3 3 15 50 TP 20.33 20.75 19.18 0.1832  0.0573 0.0819 0.1133
60 45 30 0.01 3 2 10 80 iV 21.58 20.93 19.18 0.1330 % emor 00912
60 45 30 001 3 ! 1 20 7w 2223 115 1 0.1069 0.0455
60 45 3 001 3 13 1 20 ™ 2201 2087 18.63 01157 0.1202
60 45 30 0.01 3 3 10 50 TP 2685 17.63 16.49 0.0787 0.0691
60 45 30 0.01 3 18 15 40 b 235 19.47 18.95 0.0558 0.0274
60 45 30 0.0t 3 3 10 s5 T/P 2391 10.13 10.12 0.0394 0.0010
60 45 30 60t 3 3 s 0 TP 2232 10.53 1012 0.1033 0.0405
60 45 30 0.0t 3 3 15 0 TP 2388 209 18.55 0.0406 0.1267
60 45 30 0.01 3 3 15 0 TP T3 213 11.94 iLs 01442 L Avg 00383
60 45 30 0.01 3 3 15 0 TP LAvg 2409 1753 1585 avgv 00321 23.1027 0.1060
60 45 30 0.01 3 1.5 10 50 D/P 22.9 22.46 17.7 18.63 1.017 00976 00718 0.0499 0.0651
1981 19.0500 % error
Average delta for HUMMWY 01180 m 1219 m/s 2.7306 milesthour
Average delta for HEMTT 0.1025 m 0.186 m/s 0.4169 miles/hour
Average delta for M1070 1.9837 m 1.017 m/s 22790 mileshour
Total delta 0.7347 m 0.808 m/s 1.8088 miles/hour
Calculated Target Lengths
0 5 10 15 20 25 30
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Run Information Threshold N y 4T Enl  Ex2  FARI #T Enl Ex2 FAR2 #T Enl Ex2
SumPixel(Muiti05_1(3:3,3:5,),1,1), 2 1 3 85 105 3 3 85 105 5 i 85 105
Multi0s_1(3,4,)) 2 1 13 91 100 3 13 91 100 5 i 9 100
SumPixel(Muiti0S_1(3:3,3:4,),1,1); 2 1 4 85 100 3 4 85 100 S ! 8s 100
EnlargePixel(Multi05_1,3,4,.5,.5), 2 1 4 85 103 3 4 85 103 5 1 85 103
TwoPix05_1(1,2,'); 2 1 2 83 96 3 2 83 96 5 H 83 96
SumPixel{ TwoPix05_1,1,1); 2 1 4 83 95 3 4 83 95 5 1 83 95
OnePix05_2; 2 i 3 83 1 3 3 83 11 5 1 83 1
EniargePixel(Multi05_1,3,4,.5,1); 2 1 12 92 100 3 12 92 100 5 1 92 100
EniargePixel(Multi05_1,3,4,1,.5); 2 i 5 85 105 3 5 85 105 5 1 85 105
OnePix%6 2; 2 1 3 159 179 3 8 159 179 5 1 155 185
Table B.19 Sensor Data Duration Detection
Run Information Duration N #T Enl Ex2  FARI #T Enl Ex2  FAR2 #T  Enl Ex2
SumPixel(Multio5_1(3:3,3:5,),1,1); I 17 85 106 3 17 85 106 2 17 85 106
Muiti05_1(3,4,) t 1 92 100 3 I 92 100 2 i 92 100
SumPixel(Multio5_1(3:3,3:4,),1,1), 1 I 85 100 3 1 85 100 2 i 85 100
EnlargePixei(Multi0S_1,3.4, 5,.5); 1 3 86 9t 3 2 93 100 2 2 93 100
TwoPix05_1(1,2,:); 1 i 83 95 3 i 83 95 2 i 83 95
SumPixel(TwoPix05_1,1,1); 1 6 83 95 3 6 83 95 2 5 83 95
OnePix05_2; i 16 83 11 3 16 83 11 2 8 83 11
EnlargePixet(Multi05_1,3,4,5.1), 1 7 92 100 3 7 92 100 2 { 92 100
EnlargePixel(Multi0S_1,3,4,1,.5); 1 8 85 105 3 8 85 105 2 4 85 105
OnePix% 2; 1 2 160 178 3 2 160 178 10 1 160 178
Table B.20 Sensor Data FAPI Detection
Run Information FAPI N v KT Enl Ex2  FAR1 KT Enl Ex2 FAR2 #T  Enl Ex2
SumPixel(Multi0S_1(3:3,3:5,),1,1); 2 1 0 0 0 1 0 0 0 5 0 0 0
Multi05_1(3,4,") 2 1 i 99 100 1 i 9 100 5 0 4] o
SumPixe{Multi05_1(3:3,3:4,:),1,1); 2 1 i 2 210 1 i 2 210 5 1 2 210
EnlargePixel(Multi05_1,3,4,.5.5); 2 1 i 2 210 1 i 2 210 5 i 2 210
TwoPix05_1(1,2,). 2 1 ! 90 99 | 1 90 99 S 1 9% 99
SumPixel(TwoPix05_1,1,1); 2 1 H 2 210 1 i 2 210 5 1 2 210
OnePix05_2; 2 1 1 2 210 1 1 2 210 5 1 2 210
EniargePixel(Multi05_1,3,4, 5,1); 2 1 1 2 210 1 } 2 2i0 5 i 2 210
EnlargePixel(Multi05_1,3.4,1,.5), 2 1 0 0 [ i [ 1] 0 5 0 o Q
OnePix%6 2, 2 1 1 2 486 1 i 2 486 5 1 2 486
Table B.21 Sensor Data PolyFit and FermiFit Analysis Data
Run Information Poly  Ent En2 Exl Ex2 Fermi Enl En2 Exl Ex2  Real Eal En2  Ex! Ex2
SumPixel(Multi05_1(3:3,3:5,.),1,1}; 844 86.8 103 105 85 913 987 105 83 86 103 107
Mult:05_1(3,4,) 855 478 108 107 91 931 97.9 100
SumPixel(MultiOS_1(3:3,3:4,:),1,1); 727 67.7 136 113 85 913 98.7 105 84 87 97
EnlargePixel(Multi05_1,3,4, 5, 5); 847 87.3 101 104 85 897 102 108 84 87 103 108
Twolix05_1¢1,2,:); 732 68.4 2964 116 83 87.1 91.9 96 81 86 93 96
SumPixel(TwoPix05_1,1.1), 689 639 -324 142 83 867 913 95 61 71 93 96
OnePix05_1, 61.0 66.4 736 83.0 62 70.0 770 85 62 67 80 85
OnePix05_2; 76.4 858 109 114 80 853 106 11 81 86 109 15
EnlargePixel(Muiti0S_1,3,4, 5,1}, 86.5 60.5 il8 n 92 939 98.1 100 87 94 97 101
EnlargePixel(Multi05 _1,3,4,1, 5); 854 918 859 102 85 899 100 105 84 87 103 108
OnePix96 2; 157 165 17 183 155 167 173 185 156 162 175 180
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