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ABSTRACT

Incoherent scatter radar (ISR) systems allow researchers to peer into the iono-
sphere via remote sensing of intrinsic plasma parameters. ISR sensors have been
used since the 1950s and until the past decade were mainly equipped with a single
mechanically steerable antenna. As such, the ability to develop a two or three di-
mensional picture of the plasma parameters in the ionosphere has been constrained
by the relatively slow mechanical steering of the antennas. A newer class of systems
using electronically steerable array (ESA) antennas have broken the chains of this
constraint, allowing researchers to create 3-D reconstructions of plasma parameters.
There have been many studies associated with reconstructing 3-D elds of plasma
parameters, but there has not been a systematic analysis into the sampling issues
that arise. Also, there has not been a systematic study as to how to reconstruct these
plasma parameters in an optimum sense as opposed to just using di erent forms of
interpolation.

The research presented here forms a framework that scientists and engineers can

use to plan experiments with ESA ISR capabilities and to better analyze the result-

vii



ing data. This framework attacks the problem of space-time sampling by ESA ISR
systems from the point of view of signal processing, simulation and inverse theoretic
image reconstruction. We rst describe a physics based model of incoherent scatter
from the ionospheric plasma, along with processing methods needed to create the
plasma parameter measurements. Our approach leads to development of the space-
time ambiguity function, forming a theoretical foundation of the forward model for
ISR. This forward model is novel in that it takes into account the shape of the an-
tenna beam and scanning method along with integration time to develop the proper
statistics for a desired measurement precision.

Once the forward model is developed, we present the simulation method behind
the Simulator for ISR (SimISR). SimISR uses input plasma parameters over space
and time and creates complex voltage samples in a form similar to that produced by a
real ISR system. SimISR allows researchers to evaluate di erent experiment con gu-
rations in order to e ciently and accurately sample speci ¢ phenomena. We present
example simulations using input conditions derived from a multi- uid ionosphere
model and reconstructions using standard interpolation techniques. Lastly, methods
are presented to invert the space-time ambiguity function using techniques from im-
age reconstruction literature. These methods are tested using SimISR to quantify

accurate plasma parameter reconstruction over a simulated ionospheric region.
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Chapter 1

Introduction

Incoherent scatter radar (ISR), like all scienti ¢ instruments, is a testament to hu-
mankind’s desire to understand the world around it. This is especially true for ISR be-
cause these systems are generally very large, complicated and use substantial amounts
of power, in the range of megawatts at peak levels. These systems are able to probe
Earth’s ionosphere and, unlike other ground-based measures, this modality can give
direct measurements of various ionospheric plasma parameters including electron den-
sity (N), electron temperature (T.), ion temperature (T;) and ion velocity (V;). ISRs
have been in use since the 1950’s (Gordon, 1958) and these systems have evolved
over time from only being able to measure parameters along a single line of sight to
recently having the ability to be used as full 3-D sensors (Semeter et al., 2009; Nicolls
and Heinselman, 2007). The goal of this dissertation is to present a framework to
analyze and improve the quality of the data that comes from modern ISR systems.
This framework can improve the spatial and time sampling of the ISR systems and
help researchers improve their experiments and better understand the data products
from ISR.

Until recently, ISR systems were constructed using single, mechanically steered
antennas. With this approach, the rate that the look angle can change is limited by
the mechanical speed of the antenna steering mechanism. The newest generation of
ISR systems now take advantage of electronically steerable array (ESA) antennas,

which allow for a near instantaneous change in the radar look direction. While this



thesis mainly focuses on ESA ISR systems, many of the ideas contained within are
also applicable to experiment design for ISR systems with single mechanically steered

antenna.

1.1 Purpose

The basics of ISR will be introduced in the following section along with recent develop-
ments expanding ISR capabilities. The ionosphere and ISR observable characteristics
will then be discussed. Finally the section will close with a short introduction to in-
verse theory and image reconstruction as used by engineers and scientists to analyze

and improve the output of sensors.

1.1.1 ISR as a 3-D Sensor

Radar is a common remote sensing modality that has found diverse uses ranging
from mundane supermarket door openers and tra c speed control (Richards et al.,
2010) to mapping the surfaces of planetary bodies (Campbell, 2002). ISR systems
estimate plasma parameters via radiating electromagnetic energy and monitoring the
re ected signal from large groups of free electrons in the ionosphere. The monitoring
of radar returns may take place at the transmitter site (monostatic) or at one or more
distinct receive locations in bistatic or multistatic systems (Nordling et al., 1988). The
plasma-scattered radar energy has a speci c spectral distribution statistics dictated
by the ion and electron temperature, electron density and bulk ow of the plasma in
the measured ionospheric volume (Dougherty and Farley, 1960; Farley et al., 1961,
Dougherty and Farley, 1963; Hagfors, 1961). Two important steps in ISR processing

are:

1. estimation of a power spectrum or equivalently, an autocorrelation function

(ACF) (Farley, 1969)



2. tting measured ACFs or spectra to a physics based model with plasma param-

eters as inputs (Swartz, 1978).

This process is executed at each point in time and space where the radar can create
an ACF estimate (Nikoukar et al., 2008).

As stated previously, ESA antennas can create three dimensional reconstructions
of plasma parameters. Examples of ESA ISRs include Advanced Modular Incoherent
Scatter Radars (AMISR). As the name implies, AMISRs can be built with varying
numbers of panels and can be relocated. Each of these panels contain 32 antenna
element units. Full 128-panel AMISR sites are currently deployed to Poker Flat Re-
search Range north of Fairbanks, Alaska and Resolute Bay, Nunavut, Canada (Seme-
ter et al., 2009; Valentic et al., 2013; Nicolls, 2015). These systems are constructed into
a roughly 30 30 meter square face. Smaller sixteen-panel AMISRs are deployed to
Gakona, Alaska (HAARP site) and Arecibo, Puerto Rico. The Poker Flat Incoherent
Scatter Radar (PFISR) is depicted in Figure 1 1, with Resolute Bay Incoherent Scat-
ter Radar (RISR) having similar construction. These systems have already yielded
unprecedented views in the ionosphere and upper atmosphere and allowed for new
types of measurements that were not possible before (Semeter et al., 2010; Butler

et al., 2010; Nicolls and Heinselman, 2007).

Objectives related to 3-D ISR

A large and growing number of studies have used ISR to reconstruct two- and three-
dimensional elds of plasma parameters. Some studies use various types of interpo-
lation to stitch together a spatially-continuous parameter estimate from the sparse
angularly-sampled one dimensional beams, which give a one dimensional view along
range (Semeter et al., 2009; Butler, 2013; Semeter et al., 2005). Others have taken
an approach similar to inverse theory and image reconstruction to create estimations

of bulk ow velocity elds or electric elds (Butler et al., 2010; Nicolls et al., 2014).



Figure 11: PFISR eld deployment at Poker Flat Research
Range (Valentic et al., 2013): (a) View of full system, approximately
30 30 meters; and (b) Close up view of the individual cross dipole
antenna elements units.

These publications, typically, do not describe the core details of reconstructing plasma
parameters, such as the ion and electron temperatures. Interpolations can help vi-
sualize the data, the analysis used makes a large number of assumptions about the
underlying imaging process. The goal of this thesis is to present a rst-principles
model of ISR as a three dimensional sensor and to use the model to create better

reconstructions of the plasma parameters.

1.1.2 lonosphere and Phenomena

The ionosphere is the area of partially ionized gas, or plasma, surrounding the earth,
and presents a conductive lower boundary to ionized particles from the magneto-
sphere and solar wind (Kelly, 2009). The dynamics of this system are governed by
kinetic, uid and Maxwell’s equations coupled together (Schunk and Nagy, 2004).
This complicated menagerie of equations allows for the creation of a cornucopia of
di erent phenomena at any number of spatio-temporal scales (Semeter et al., 2008,
2009).

The study of the Earth’s ionosphere is typically broken up into several regions with



distinct physical processes that dominate each region (Kelly, 2009). Demarcations
between the D, E and F Regions are based on altitude, over which various properties
of the plasma, including parameters and chemical composition, can greatly vary as
shown in Figure 12 (Kelly, 2009). The regions of the Earth are also parceled out
based on the orientation of the magnetic eld to the ground and include the polar
caps, auroral oval, mid latitude, low latitude and magnetic equatorial regions (Schunk
and Nagy, 2004).

For this thesis, most of the focus will be on phenomena from the auroral and
polar cap F-region ionosphere. In this region, distinct phenomena arise related to the
nearly-perpendicular angle of the Earth’s magnetic eld to the ground (Schunk and
Nagy, 2004). These phenomena include but are not limited to aurora borealis, polar
cap plasma patches and particle precipitation events (Perry et al., 2015; Dahlgren
et al., 2013, 2012b,a; Zettergren and Semeter, 2012). From a societal standpoint, this
sort of activity can greatly impact radio propagation and can create interruptions
in navigation and timing services such as the Global Navigation Satellite Systems
(GNSS) including Navstar GPS, Galileo, GLONASS, Beidou et al (Jiao et al., 2013;
Hunsucker and Hargreaves, 2007).

The resulting ionospheric structures vary over several decades of spatio-temporial
scales, creating di cult sampling problems for sensors tasked with measuring them.
There are a number of di erent mechanisms behind this structuring. Auroral pre-
cipitation produces variations on a sub kilometer scale variation in electron density
perpendicular to magnetic eld (Semeter et al., 2005). Convective transport induced
by electric elds (E B drift (Chen, 1984)) can cause di erential ow velocities and
striates the plasma (Tsunoda, 1988). This transport can also induce gradient-drift
instabilities which have the ability to produce a wide range of irregular structures

(Spicher et al., 2015). Field aligned currents (Birkeland currents) can lead to density
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Figure 1 2: Example pro les of (left panel) neutral temperature and
(right panel) plasma density from Kelly (2009)

depletions caused by downward current channels (up owing ions) (Perry et al., 2015).

Two examples from the literature are examined to highlight the challenges associ-
ated with trying to reconstruct the plasma parameters. The events shown in (Semeter
et al., 2005) are referred to as a poleward boundary intensi cation (PBI). This oc-
curs when the auroral oval breaks into two separate rings which show a demarcation
of di erent eld line con gurations in the magnetosphere. The auroral ring closer
to the magnetic pole shows a number of strong pulsations seen in both optical and
radar data. The radar reconstruction of this event shown in Figure 1 3 shows large
enhancements in electron density perpendicular to the ground. The enhancements
are rapidly moving, which signi cantly impacts reconstruction ambiguity by how one
processes the data. In this case the researchers found if they integrated fewer pulses
per position and allowed for a greater variance in the data they could observe ner

column structuring within the enhancement. The simple change in the processing



yields signi cantly di erent interpretations of the true space-time variability of these
structures. More problematic is that the researchers, at the time, did not have a

frame work to evaluate the delity of their results.
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Figure 1 3: Di erent views of a PBI event as seen in Semeter et al.
(2005): (a) Data from the Sondrestr m ISR processed at 5 seconds;
and (b) the same data from the circled frame in a but processed at 2
seconds.

The second example event is a sun-aligned auroral arc (Perry et al., 2015). These
arcs are created by Field Aligned Currents (FAC) from the magnetosphere. The
evidence of these structures are electron and ion temperature enhancements coincident
with electron density depletions next to density enhancements. These structures also
are in motion, which can create ambiguities (blurring) in the measurement process
as the plasma moves through the eld of view. A plasma parameter distribution

associated with this type of auroral arc can be seen in Figure 1 4.
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Figure 1 4: Plasma parameters used in Perry et al. (2015) from a
multi- uid model (Zettergren and Semeter, 2012) simulating the impact
of a eld align current.

In order to measure these highly structured events using ESA ISR systems re-
searchers would created highly dense beam modes and recreate 3-D interpolations of
the data (Dahlgren et al., 2012a,b). Often the radar data sets would be plotted with
measurements from corresponding sensors such as in Figure 1 5. This sort of sensor
fusion technique can give an overall picture to the process that is taking place. If am-
biguities in each sensor are not understood properly though incorrect interpretations
of the physics could take place or lowering the chance of properly testing theoretical

models.
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Figure 1 5: Combination of red-line emission data, in gray scale, and
an interpolated electron density slice at 340 km from RISR. The red-line
emission corresponds with high gradient within the electron density.

Objectives related to the Phenomena of the lonosphere

An important ISR use case is obtaining accurate reconstructions of ionospheric plasma
parameters and research creates a framework researchers can use to improve their
experiment planning. This framework includes an ISR data simulator useful for trying
di erent experiment setups and reconstruction methods. The simulator can be used
as a way to understand possible ambiguities that may arise from experiments if plasma
parameters from a physical model are available, such as in Perry et al. (2015). The ISR
simulation outputs possible measurements given a set of input plasma parameters,
including though from fully consistent physical models. In this thesis examples of the
simulator are show using phantoms derived from plasma parameters those shown in

Figures 1 3 and 1 4.
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1.1.3 Image Reconstruction

Inverse theoretic image reconstruction gives engineers and scientists a robust frame-
work to determine the state of system parameters given a set of observations (Menke,
2012; Vogel, 2002; Karl, 2005). This sort of framework has been applied to numerous
problems in science and engineering from X-Ray computed tomographic scanning
(Kak et al., 1988) to synthetic aperture radar (Munson et al., 1983). In this the-
sis we will use this framework and techniques to improve the quality of the plasma
parameter estimates from ISR.

Image reconstruction and inverse theory create a framework to reconstruct a set
of parameters given a set of data using knowledge of the forward model. Using the

notation found in Menke (2012), a general inverse problem is to nd m such that,

d =g(m) (1.1)

where d is the observable data and g is the operator that changes the unobservable
parameters m to the data space.

Equation 1.1 gives the most general form of these problems; unfortunately this
can be very di cult to solve without further assumptions. Techniques often used to
solve inverse problems specify a constraint on the operator g, such that it has to be
well-posed (Scales and Gersztenkorn, 1988). Still, there are ways to expand the utility
of these techniques by adding constraints to the inversion method or regularizing the
solution (Vogel, 2002; Karl, 2005).

ISR systems have been analyzed in this format, albeit mainly for a single beam
(Vierinen, 2012). ISR can be posed as a general inverse problem because of the non-
linear operation that translates the plasma parameters to the space of possible ACFs.
Two schools of thought have emerged in the community on how to constrain these

inversions. The rst, full pro le analysis, uses plasma parameter constraints, which
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can give physical constraints to the inversion thereby improving the outcome (Hysell
et al., 2008; Holt et al., 1992). The second set of techniques apply constraints on the
estimated ACFs (Virtanen et al., 2008; Nikoukar et al., 2008), which is less expensive
computationally but can create ACFs that cannot be reconciled with physics-based

incoherent scatter (IS) theory.

Objectives related to the image reconstruction

This thesis will express 3-D ISR in the language of inverse theory and develop a
mathematical framework for this speci ¢ measurement process. The utility of this
framework will be shown in two main ways; rst, how ISR data can be improperly
interpreted, and secondly, develop techniques to improve the accuracy of the recon-

struction of plasma parameters.

1.1.4 Outline of dissertation

Chapter 2 will go into the background of ISR signal processing. This will begin by
developing the basic signal model, showing processing steps from complex voltage
samples to plasma parameter measurements.

Chapter 3 will show the derivation of the space-time ambiguity function. This
will allow posing of a reconstruction problem for the eld of three dimensional plasma
parameters in the language of inverse theory. The impact of motion of ionospheric
plasma on the ambiguity be shown through plots of the ambiguity but also using real
ISR data.

Chapter 4 contains a discussion of the framework behind the Simulator for ISR
(SimISR). This simulator can create complex voltage samples and process the data.
This can help plan experiments in the future. Experiments used to validate model
predictions require a rigorous understanding of the measurement process. This will

also include examples of simulated data to show the capabilities of this framework.
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Chapter 5 will detail an inversion method that has been developed to reduce the
impact of the space-time ambiguity. This inversion method allows for plasma param-
eter reconstructions along the frame of reference of the moving plasma assuming a
stationary morphology. This takes advantage of the multi-beam measurement capa-
bility of ESA ISRs to create high- delity image of the moving plasma parameters.
This will remove motion blur and could allow researchers to get a better measurements

of spatiotemporal structure of the ionosphere.

1.2 Novel Contributions

Speci ¢ novel contributions of this research are summarized below.

1. Development of a theoretical framework for the forward model of 3-D ISR

plasma parameter reconstructions.

2. Creating a framework for full simulation of an ISR system vyielding synthetic

complex voltages.

3. Construction of a software package, named SimISR, where code derived from
previously mentioned simulation framework has been made available to other

researchers.

4. Detailed analysis of the simulation framework using SimISR along with example

applications for this new tool.

5. A new method for inverting the space-time ambiguity in the frame of reference

of the moving plasma.

6. Use of SImISR to create realistic data and application of the new inversion

method to assess its potential for use in ISR experiments.
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Chapter 2

Incoherent Scatter Radar Signal Model &
Processing

This chapter gives the background on the signal model and processing aspects of ISR.
The rst section explores the physical underpinning of the incoherent scatter signal
from the ionosphere. The second section details the basics of radar processing and
how the di erent types of measurements are made. In the nal section of this chapter

the speci ¢ processing that takes place in an ISR is detailed.

2.1 Incoherent Scatter

When electrons are freed from their bonds as in a plasma, they can oscillate in a
manner modeled as a Hertzian dipole antenna. If an electromagnetic wave, such
as one from a radar pulse, impinges on these electrons they will accelerate and re-
radiate a wave. This scattering process is known as Thomson scatter (Hutchinson,
2002). This radiation, when taken as a collection of scatterers from a large set of
electrons, varies in time t, with uctuations in electron density ne(k;t), where K is
the Bragg vector (Kudeki and Milla, 2011). In the far- eld condition the Bragg vector
is de ned as

k=ks ki (2.1)

where ks and k; are the wavenumbers for scattered and incident waves respectively

(She eld et al., 2010). The Bragg vector is the frequency parameter in ng(k; t), where
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the spatial Fourier transform ng(r;t) has position vector r. As these charges move,
the scattered waves are given a Doppler shift based o of their velocity v along the

Bragg vector. This Doppler shift in frequency can be represented as
1=k v; (2.2)

where ! is the frequency shift in radians per second from the velocity along the
Bragg vector (She eld et al., 2010). ng(k; 1) can be thought of as both the Fourier
Transform along time of ng(k; t) and the collective Doppler spectrum from the density
at a speci ¢ Bragg vector k.

These uctuations are driven by the random thermal motions of the electrons and
the collective radiation they create is known as incoherent scatter (Kudeki and Milla,

2011). Another term for this is non-collective scattering using the relation
k <<l (2.3)

where . is the electron Debye length, and k = jkj. Satisfying this condition causes
the spectrum to show collective e ects of the velocity distribution of the particles
(She eld et al., 2010). Although the scattering is driven through a random process,
it reveals several pieces of information about a plasma, especially in the ionosphere.
Due to electrical interaction between the ions and electrons, a correlation structure
develops, creating a shaped Doppler spectrum that a radar can detect. This Doppler
spectrum is a power spectral density estimate of the electron density uctuations
across time t and at a speci ¢ Bragg vector k. This power spectrum is denoted as
hine(k; 1)j%i.

The IS spectrum has a number of di erent sections separated in frequency. This

thesis focuses on the \ion line" portion of the spectrum shown in Figure 2 1. This
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naming is due to the IS spectrum revealing a damped version of ion acoustic waves

s 0000000
L —k, Ko(Te+3T)

= (2.4)

where Kq is the wavenumber, ! is the radian frequency of the wave, K, is Boltzman’s
constant, m; is the mass of the ion species and T, and T; are the temperatures of
the electron and ions (Chen, 1984). The ion acoustic mode returns the most power
and can give information on both electron and ions, so it is commonly used in ISR
analysis.

The physical intuition behind the \ion line" can be useful for understanding some
of the basic processes behind IS. Still, a full mathematical model tying plasma param-
eters, such as electron density (N.), electron temperature (T.), and ion temperature
(T;) to the power spectral density (hjne(k; 1)j%i) is necessary for ISR to perform
its measurements. There have been a number of derivations and formulations for
this since the development of ISR (Dougherty and Farley, 1960; Farley et al., 1961,
Dougherty and Farley, 1963; Hagfors, 1961). This thesis will use the formulation
from Kudeki and Milla (2006, 2011); Milla and Kudeki (2011),

Yo+ ihine(ki Di%E | e*hina(k; D%

. o]
hine(k: 1)j%i = 9 : -
Ine(k; 1) Yo+ e+ 2 Yo+ e+ 2

(2.5)

The overall spectra from the collective e ects of the electrons and di erent species
of ions is made up of the weighted superposition of independent uctuation spec-
tra for each species hjng(k; 1)j2i. The weightings are made up of the longitudinal
conductivities of each species g, the frequency ! and g is the vacuum permittivity.

The independent uctuation spectra and conductivities are related to plasma pa-
rameters through Gordeyev integrals Js(1), speci cally

hines (k; 1)j%i

N. = 2RefJs(1)g; (2.6)
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and
s 1) _ 1 j13().
ito k22

2.7)

where Ns is the average density for the species, and . is its Debye length. The
Gordeyev integrals are the one sided Fourier transforms of the characteristic functions

of the particle displacements hel 'si, or

yal
Js(1) helk fsiel! d : (2.8)

0

For the case of a Maxwellian distributed plasma where collisions and magnetic elds
can be neglected,

helk rj =g 2K°C* % (2.9)

where C = % T, is the temperature of the species in K, Kj is Boltzmans constant
and mg is the mass of the species in kg.

This formulation can also allows for the measurement of bulk of the plasma.
This measurement is along the radars wave vector and results in the substitution of
I, =1 Kk Vg where Vs is the bulk motion of the plasma species, into the Gordeyve
integrals in Equation 2.8 for !. Generally all of the species will ow together, oth-
erwise large electric elds would form, and this overall motion can be measured as a
overall shift of the spectrum in frequency.

A more complete treatment of the IS spectrum formulation, derivation and com-
putational considerations is given in Appendix A. An example of ion line portion of
the IS spectrum, with jkj = 18:5 rad/m and using parameters representative of the
F-region ionosphere, along with a corresponding ACF, is shown in Figure 2 1.

As its name implies, IS is inherently stochastic in nature. To measure this spec-

trum with usable uncertainty margins, a number of observations of this process must

be averaged together (Diaz et al., 2008). Common ISR analysis practice refers to
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Figure 2 1: (a) IS spectrum ion line; and (b) corresponding ACF.
The spectrum and ACF were created using all O* ions, N, = 10!
m 3, T. =2500 Kand T; =1000 K.

observations of this random process as \pulses,” to distinguish this from samples in
signal processing applications (Oppenheim and Schafer, 2010). These observations
can then be used in some sort of spectral estimator. A demonstration of the conver-
gence of a periodogram estimator to the spectrum from Figure 2 1 as the number of

pulses J is increased is depicted in Figure 2 2.

2.2 Radar Signal Processing

In this section the general signal model behind ISR is discussed. Following that
the speci cs of measuring a Doppler spectra, like the IS spectrum is covered. Some

comparisons to hard-target radar systems are made as well.

2.2.1 Radar Signal Model

ISR systems like other pulsed radar systems radiate a signal, y(t), that can be repre-

sented as a nite length pulse s(t), modulated by a complex sinusoid

y(t) = s(t)ei? fot (2.10)
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Figure 2 2: IS spectrum ion line with all parameters from Figure
2 1 with, number of observations or pulses J = 50, 100, 500 and 1000
averaged together using a periodogram estimator.

where Ty is the transmit frequency in Hz. Equivalently, f, = ¢c= o, where 4 is the
wavelength of the transmitted wave and c is the speed of light. The return signal
re ected o of a single point target with, assuming for now, no motion, may be
modeled as

yr(t) = Ags(t  t)el? ot D (2.11)

where T is round trip time and A, is a complex amplitude factor including propa-
gation losses, phase shifts and target re ectivity (Richards, 2014). The radar system

estimates the range r, or the distance between the target and sensor,

c T,

Lastly, the signal is demodulated down to baseband, becoming
X(t) = Ags(t  T)e 2 T: (2.13)

Another key quantity estimated by ISR is the line of sight, or bulk Doppler veloc-
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ity. The Doppler for this speci c case acts as multiplication of the radar signal s(t)

with a simple single complex exponential
sq(t) = s(t)el? Tt (2.14)

where Ty is the Doppler frequency of the target and sq(t) is the received signal in
Equation 2.13 with a Doppler shift. Assuming there are no relativistic e ects this
frequency can be represented as the following fq = 2v= o, where v is the velocity of
the target.

With ISR a distribution of electrons are probed, so we have an extremely large
number of small cross-section targets within the beam. A better model uses a set
of scatterers each with their return weighted (V,) and with a frequency shift, (f,),

represented as

X _
sq(t) =  s(t)Vnel? Tt (2.15)

n

For very large N number of scatterers this model can be extended to a continuum of
signals, becoming 7
sq(t) = s(t)V (F)el? Tdf: (2.16)

This continuum of scatterers is also distributed along range. A simple illustration
of the sampling of these scatterers along range is shown in the range-time diagram for
ISR, Figure 2 3. In this case three samples are taken from di erent ranges and the
pulse s(t), is multiplied by the electron density uctuations n, at its corresponding

time and range. The return signal x is sampled with a period of Tg, making sample

values at times t;, t, and t3. The sample values x(t) at each point can be seen in
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Figure 2 3: As the pulse in time traverses the ranges a, b, and c, it is
multiplied by the electron density uctuations at each of those points.
The samples at each time are the summations of those returns from
each point that the lines intersect in range. These di erent points are
also delayed in time as well giving time delayed observations of the
process at each point.

Equation 2.17,

X(t;) =ne(a;t a=c)s(t 2a=c)
X(t)) =ne(a;t a=c  Tg)s(t 2a=c Tg) +ne(b;t b=c)s(t 2b=c)

(2.17)
X(t3) =ne(a;t a=c 2Ts)s(t 2a=c 2Ts)+

ne(b;t b=c Tg)s(t 2b=c Ty):

The terms in Equation 2.17 are single samples along time t from Equation 2.18,
which is the common continuous time formulation of the return data for ISR along

range r (Hysell et al., 2008),

z
Xc() = ne(r;t  r=c)s(t 2r=c)dr: (2.18)

By performing a change of variables it should be noted that Equation 2.18 has the
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same form as Equation 2.19

z
X(t)= h(;9stt  )d; (2.19)

where h( ;t) isa Iter with an impulse response along t varies with and is a trans-
lation so the time steps between t and are equal. One of the earlier uses of model
form comes from the study of time varying communication channels (Kailath, 1962,
1963). This time-varying Iter model can help determine the method of measurement

by looking at the Fourier Transform of h( ;t),

Z
H(:f)= h(;te 12 Tdt: (2.20)

The term H( ; T) is known as the time-varying frequency response, which can be used
to determine how the function can be measured and does this by distinguishing two
di erent target classes. The rst class, an underspread target the following inequality
must hold,

BL <1; (2.21)

where B is the bandwidth of H( ;f) and L is its extent along (Kay and Doyle,
2003; Pfander and Zheltov, 2015). The second class, the overspread target, occurs
when this inequality does not hold.

With ISR this same frame work can be used, the term L must now change to
R_=c where R is the farthest range that needs to be probed. In the case of an ISR
probing the F-region the target is overspread as the inequality in Equation 2.21 will
not hold. In order to estimate the time-varying frequency response an ambiguity will
be introduced (Kailath, 1962, 1963), which is the same as performing the measurement
of the Doppler spectrum. This discussion of overspread vs. underspread will drive

the Doppler measurement methodology discussed next.
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2.2.2 Doppler Measurement

In a pulsed radar system Doppler is measured starting with these steps:
1. The radar sends a set of pulses that scatter o the targets.

2. The target returns are binned into a two-dimensional array representing range

and interpulse period (IPP).

In the case of an underspread target the pulse-Doppler processing method can be
used, which is commonly denoted as coherent processing (Richards, 2014; Richards
et al., 2010, 2014; Skolnik, 2008). The pulse-Doppler method consists of the following
steps after the rst two listed:

3. A discrete Fourier transform (DFT) across pulses is taken to determine the

Doppler spectrum (Richards, 2014).
4. A power spectrum is formed by taking squared magnitude .

In order to avoid aliasing or Doppler folding, the pulse repetition frequency (PRF)
must be at least twice as large as largest Doppler frequency in the signal (Oppenheim
and Schafer, 2010). Using pulse-Doppler processing a phase-coherent signal that is
relatively narrow in frequency can obtain a large amount of gain compared to the
background noise. The Doppler bandwidth that can be view unambiguously will be
tied to the PRF. The issue of range ambiguity can arise if the support of the target is
further in range than a single pulse can travel in an IPP. The maximum unambiguous
range, Ry, can be represented as

cT

Ra= (2.22)

where T is the IPP time. These requirements t within the de nition of an under-

spread target, thus pulse-Doppler processing assumes this class of target.
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The ionosphere cannot be assumed to be compactly supported in range if one
wants to do F-region studies, which can stretch from 150-700 km in altitude. Using
the spectrum in Figure 2 1, it can be seen that the signal is at least 20 kHz in
bandwidth. This broad bandwidth and unambiguous range requirement yields an
overspread target.

In order to measure an this class of target, an alternative Doppler processing
method must be used. This method replaces steps #2 and #3 with an estimate of
the autocorrelation function (ACF) within the IPP and a DFT across the lags is
taken to get the Doppler spectrum. The formation of this spectrum is the same as
forming Wigner-Ville distribution along range (Cohen, 1995). The formulation of the

Wigner-Ville distribution is as follows using a signal x(t),

Z
Wi (t; F) =  x(t  =2)x.(t+ =2)e 12 Td ; (2.23)

where is the lag variable. Because phase coherency is not needed across pulses this is
considered an incoherent processing technique (Richards, 2014; Richards et al., 2010,
2014; Skolnik, 2008). Note that ISR received its name due to the physical de nition of
incoherent scatter as explained in Section 2.1 (Gordon, 1958; Dougherty and Farley,
1960).

In the speci ¢ case of ISR processing for an uncoded pulse the processing fol-
lows this logic and performs an approximation to the formation of the Wigner-Ville

distribution, which will be examined in the next section.

2.3 ISR Processing

The speci cs of an approach to ISR processing are discussed in this section. It will
mainly use the terminology found in much of the ISR literature (Farley, 1969; Nygren,

1996). This examination of the processing starts after complex receiver voltage data
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Plasma Summation
Parameters Rules

Figure 2 4: ISR signal processing chain, with signal processing oper-
ations as squares and data products as diamonds.

have been received, and details how it is processed to create estimates of the ACF at
desired points of space.

The processing follows the ow chart presented in Figure 2 4. Note that we as-
sume here a signal pipeline which creates a single altitude measurement for analysis.
More sophisticated approaches for ISR analysis exist that use information from mul-
tiple altitudes, including full pro le analysis (Holt et al., 1992), lag pro le inversion
(Virtanen et al., 2008), and others, but treatment of these approaches is beyond the
scope of this chapter. The lag product formation is an initial estimate of the au-
tocorrelation function. The sampled complex receiver voltage can be represented as
x(n) 2 CN where N is the number of samples in an inter-pulse period. For each
range gate m 2 0;1;:::M 1 a complex autocorrelation is estimated for each lag of
1 20;1:;L 1. To keep the number of integrated samples for each lag the same
across all of range, the number of range gates for each IPP will beat most N (L 1).
To get better statistics this operation is performed for each pulse j 2 0;1;:::J 1 and
then summed over J independent pulses. The operation to form the initial estimate

of Ii?(m; I) may be expressed as

DS
Fl?(m; = x(m  bl=2c; j)x (m + dl=2¢;}): (2.24)
j=0
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The case shown in Equation 2.24 is a centered lag product. Other types of lag
product calculations are available but a centered product is most common. For this
case, the range gate index m and sample index n can be related by m = n blL=2c
and the maximum lag and sample relation is M = N  dL=2e. This lag product
formation is the rst step in computing a discrete Wigner-Ville distribution (Cohen,
1995). This step adds a bias to the ACF estimate which acts as a weighting function
on larger lags, represented as W(l) where weighting can be calculated from details
of the range-lag ambiguity function. The expected value for the estimator, assuming

the use of a simple uncoded pulse waveform, becomes

D E Lo
R(m; 1) = W(OR(mM; ) = =—R(m; ) (2.25)

Applying a summation rule is generally the next step in creating an estimate of
the autocorrelation function for single altitude analysis. This is done for a number of
reasons, but primarily to improve estimate statistics. Furthermore, if the right rule
is chosen, then the range ambiguity can be made approximately constant across the
lags, which can make inversions easier (Nygren, 1996). Summation rules based on
other criteria can be used but our simulations use the trapezoidal summation, which
is @ common choice and leads to uniform range resolution across all lags. It can be
represented as follows:

(v 1ysxrbl=2c)
R(m; 1) = R(m +i;1); (2.26)

i= ((v 1)=2+dl=2¢)

where v is the "volume’ index or the number of gates integrated at zero lag (restricted
to positive odd integers here) and Ii?s(m; ) is the nal ACF estimate after the sum-
mation rule (Nygren, 1996). However, the nal result of this summation rule will still
lead to a statistically biased ACF. For the uncoded waveform case, this summation

rule leads to the following expected value for the estimator (Nygren, 1996),
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Figure 2 5: Summation Rule Diagram.

D . E_ v+ | N 1 L v .
Ii?s(m,l) _W(O)W(I)R(m’l)_ \I|2+?I+1 R(m;1): (2.27)

An example summation rule for a central product is shown in Figure 25. The
image on the left is a basic representation of an ambiguity function of a long pulse and
is mirrored on the right with red bars which would show the integration area under
it so the ambiguity function for each lag will be of equal size in range. There are a
number of di erent summing rule each with their own trade o s (Nygren, 1996). Also
of note, the function in the parenthesis of the RHS of Equation 2.27 is also known
in the signal processing literature as a window function along the lags of the ACF
(Oppenheim and Schafer, 2010). This window function can be seen in Figure 2 6

Finally, noise e ects are accommodated by subtracting an separate estimate of
the noise correlation from Ii?s(m; ). We represent the noise correlation function as
Ii?w(m; 1), the ACF estimate of the background noise process of the radar w(n,,) using
the steps in Equations 2.24 and 2.26. In a real radar system, the noise process is
typically sampled either during a calibration period for the radar when nothing is
being emitted, or at ranges su ciently distant that the scattered ionospheric signal
is assumed to be negligible. The nal estimate of the autocorrelation function after
the noise subtraction and summation rule is represented by Ii?f(m; .

Along with the rst order moment of the ACF seen in Equation 2.27, in order to

do error analysis a second order moment is needed. The covariance matrix between
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Figure 2 6: The window function that is applied to the ACF as seen
in Equation 2.27 in the left pane for L = 15 and its 128 point length
Fast Fourier Transform (FFT) in the right panel.

each lag estimate can be formed using the formulation in Equation 2 of (Hysell et al.,

2008), rewritten here as

Cu.= %( ROR (1 2) +R( 1R (2); (2.28)

where, R( ) is the estimated ACF as a function of lag , C .., is the entry in the
covariance matrix of the estimated ACF at lags ; and ,, and J is the number of
samples or pulses averaged together to create the estimate. The diagonals of this
matrix can be thought of as the autocovariances of each of the lags. Along these

diagonals, by setting , = ; , Equation 2.28 simpli es to

C. =5 IROF+ROP : (229)

The variance of the signal ACF estimate is further increased once sensor and sky
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noise is added. If the noise is assumed to be uncorrelated with the signal, the error
from the noise, jRw( )j* (e.g. the square of the noise ACF) can be added to the
error from the inherent uctuations in the signal, and the autocovariance expression

becomes

C; =53 IROF +JRON +jRu(0)" +jRu( )i* : (2:30)

After the nal estimation of the spectrum is complete, nonlinear least squares
tting takes place to determine plasma parameters. The class of nonlinear least
squares problems relevant to ISR parameter estimation can be represented as the

minimization of a cost function of the form (Kay, 1993),

p=arg£nin(y ) C,'y  (p): (2.31)

In Equation 2.31, the data represented as y would be the nal estimate of the
ACF Ii?f(m; I) at a speci c range, or its spectrum @f(m; ). The matrix Cy is the
covariance matrix from the ACFs or spectra depending on what is being t. The
covariance matrix for the ACF is detailed in Equation 2.28, while the covariance
matrix of the spectra is simply the ACF matrix but with discrete Fourier Transforms
applied to the rows and columns. The parameter vector p would be the plasma
parameters Ng, Te, Tj and V;. The t function, , is the IS spectrum calculated
from a model mapping these parameters to ACF or spectra. For the examples in
thesis the model shown in Section 2.1, and in greater detail in Appendix A, is used
for this mapping. In order to properly t the parameters the ambiguity function
must then be applied to the ACF or spectra. In the case of the long pulse and a
system with a large receiver bandwidth compared to the spectra, the ambiguity can
be simply applied by multiplying it with the autocorrelation function R(I) assuming

the proper summation rule used. As in previous publications, Nikoukar et al. (2008),
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the Levenberg-Marquardt algorithm is used to t the plasma parameters to the ACFs
or spectra (Levenberg, 1944; Marquardt, 1963).

The Levenberg-Marquardt algorithm moves the parameter vector p by a per-
turbation h at each iteration (Gavin, 2013). Speci cally Levenberg-Marquart was
designed to be a sort of meld between two di erent methods: Gradient Descent, and

Gauss-Newton. The perturbation vector h,, can be calculated using the following:

J'I hn=3" Yy () (2.32)

where J is the Jacobian matrix @ =@p (Levenberg, 1944; Marquardt, 1963).

The last step is to calculate the errors in the parameter estimates. In order to
do this a numerical approximation is computed of the Jacobian matrix between the
data and the ACF, J, at p = p. Given this Jacobian, the formula to estimate the

parameter error matrix, Cp according to Hysell (2000), is

Cp=@'C 1) 4 (2.33)

The variances of the parameters are then taken as the diagonals of the matrix. The
0 -diagonal elements can be used as a measure of correlation between the di erent
plasma parameters.

A simpler formula for estimating the possible uncertainties from ACF is the fol-

lowing:

S 1
=P 1+ 2.34
i 193 SNR (2.34)

where S is the signal power and SNR is the ratio of signal power to noise power
(Nicolls, 2013). The noise level can be estimated from the calibration period, which

can be done in each IPP after which there is no expected appreciable return from
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ionosphere incoherent scatter. If there are localized but large returns, for example
coherent re ections from satellites, this impact can be reduced by applying estimators

that use order statistics (Shor and Levanon, 1991).

2.4 Summary

In this Chapter the basic model of ISR and the standard signal processing to perform
plasma parameter measurements was examined. The rst section detailed the physical
intuition and basic model of the IS spectra, essentially how the plasma parameters
are mapped to the Doppler spectra. The second section detailed a signal model for a
pulsed radar system being used to resolve the IS spectra and compared the model to
time-varying Iters. Lastly the standard signal processing found in most ISR systems,

from sampled complex voltages to estimated plasma parameters, was detailed.



31

Chapter 3

Space-Time Ambiguity Function

This chapter explains the theoretical backbone for sampling issues associated with
ISR. The rst section details the di erences in space-time sampling between single
antenna and electronically steerable array (ESA) systems. The next section then
details the derivation of the space-time ambiguity. Lastly the impact of moving
plasma on the apparent ambiguity is shown, both from a theoretical standpoint and
a demonstration using collected ISR data. Much of the material in this chapter was

previously published in Swoboda et al. (2015).

3.1 Space-Time Sampling

ESA based systems di erentiate themselves from dish antennas in a fundamental way.
Instead of dwelling in a single beam or scanning along a prescribed direction, an ESA
can move to adi erent beam position within its eld of view on a rapid, pulse by pulse
basis. An illustration of the di erences between ESA and conventional radar systems
with respect to statistical integration of radar pulses, focusing on time history of beam
positions, starts with the desired grid of geographic parameter coverage in Figure 3 1.
Figure 3 2 shows a possible path for a dish based antenna to cover this measurement
space through moves to di erent beam positions through time, represented on the
z-axis as pulse repetition intervals (PRIs). The dish sweeps through the eld of view
in a continuous scan. In contrast, an ESA system can instead move from position to

position in discrete steps as seen in Figure 3 3. It is noted as well that the phased
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Beam Postions

Figure 3 1: A 3x3 grid of desired measurement positions in a hypo-
thetical geodetic latitude/longitude space.

array antenna is able to collect data from di erent beams during overlapping time
periods, creating a lattice like pattern. This type of pulse-to-pulse beam position
change is very di cult to accomplish with dish antenna systems having signi cant
pointing inertia.

The rapid steering ability of ESA systems relative to space-time sampling yields
a new exibility, in post processing, to statistically combine information from dif-
ferent beams using knowledge of the plasma velocity eld, where this information is
obtained either from external sources or from the Doppler shift of the ionospheric
echoes themselves. This can help to relax the assumption of stationarity for plasmas
that are evolving or changing their shape on time scales longer than the integration
time. If the plasma moves into a di erent beam, returns from the same plasma can
be integrated together with proper bookkeeping. This is contrary to the situation
with dish antennas where returns from multiple plasma populations with di erent

parameter sets are unavoidably averaged together.
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Figure 3 2:
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Dish Antenna Space-Time Sampling

Space-time sampling of the measurement space from Fig-

ure 3 1 using a dish based antenna, where the red x’s mark the pulse
in beam space and time. Beam positions from Figure 3 1 are shown

below in blue at z = 0.

Time in PRIs

Phase Array Space-Time Sampling

Figure 3 3: Space-time sampling of the measurement space from Fig-
ure 31 using a phased array based antenna, where the red x’s mark
the pulse in beam space and time. Beam positions from Figure 3 1 are

shown below in blue at z = 0.
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3.2 Space-Time Ambiguity

The space-time ambiguity can be thought of as a kernel to a combined volume and
time integration operator. In the derivations that follow, it is shown that this ambi-
guity can be represented as a kernel operator in a Fredholm integral equation:
Z

(srsits) = L(sirsts; s )R( ;r;t)dvVdtd 3.1)
where, for ISR, L( s;rs;ts; ;r;t) is a blurring kernel over time and space, and
R( ;r;t) indicates the plasma medium’s autocorrelation function for electron den-
sity uctuations n, at the lag , time t, and position r.

By using this formulation, many parallels between ISR and classic camera blurring
problems can be made. In cameras, blurring can take place when an object moves
over a space covered by one pixel while the shutter is open and the CCD is collecting
photons. A diagram of this can be seen in Figure 3 4. The same holds for the ISR
measurement problem, except that the pixels are no longer square or continuous in
Cartesian space and instead are determined by the beam shape and pulse pattern.

This is shown in the diagrams in Figure 3 5.

Figure 3 4: CCD resolution cell diagram, showing cases where an
object will be properly resolved and be blurred.
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Figure 3 5: ISR resolution cell diagram, showing cases where an object
will be properly resolved and be blurred.

Coordinate System De nitions

To derive full space-time ambiguity function, L( s;rs;ts; ;r;t), the coordinate system
will be de ned. The three dimensional coordinate system is de ned as r = [x;y;z]".
For this coordinate system, r = [0; 0;0]" at the location of the radar and thus r = jrj,
also known as the range variable. This allows for the use of polar coordinates r =
[r; . 1" where and are, respectively, the targets’s azimuth and elevation angles
from the radar.

The radar samples this space at a set of discrete points which will be referred
to as rs = [Xs;Vs;Zs]" along with the discretized range expression rs = jrsj. The
sampled space consists of a number of points, composed of range gates within a
beam multiplied by the number of beams. These points can also be referred in polar
coordinates rs = [rs; s; s]', where s and ¢ are, respectively, the observationally
sampled azimuth and elevation angles.

For notation purposes, two di erent sets of time are used, commonly known in the

hard-target radar literature as fast-time n and slow-time t (Richards, 2005). Fast-
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time is used to describe processes with correlation time less than one PRI. Slow-time
will be used for processes that decorrelate in time on the order of, or longer than, the
system’s PRI. In order to form estimates of ACFs with desired statistical properties,
it is assumed that the bulk plasma parameters will change on the order of many
tens to hundreds of PRIs in their stationary reference frame (i.e. remain wide sense
stationary for this time). Generally, for incoherent scatter applications in the E-
region of the ionosphere ( 100 km altitude) and above, the decorrelation time of the
electron density uctuations is less than a PRI for systems with a center frequency
in the UHF band, and thus ACFs must be formed over fast-time.

The terms n and t represent continuous variables, while ng and ts will be the fast
time and slow time parameters sampled by the radar. The sampling rate of ng is
set by the rate at which the system’s A/D converters are run. The sampling of ts
can, at the highest rate, be the PRI. At its lowest rate, it can be sampled once in a
non-coherent processing interval (NCPI), or equivalently in a period of time it takes

the radar to average the desired number of pulses for each beam.

Derivation

The physical scattering mechanism underlying ISR produces measurable radar scatter
from electron density uctuations in the ionosphere, ne(r; n), at a speci ¢ wave vector
k. These uctuations scatter radio waves which can be observed by the receiver
system of the radar (Dougherty and Farley, 1960). The emitted radar signal at
the transmitter has a pulse shape s(n) modulated at a central frequency creating a
scattering wave number (Bragg vector) k. Using the Born approximation, the signal
received at time n, x(n), can be represented as the following

z
x(n) = h(n) exp[ Jk r]s n % Ne ;N

dr; 3.2)
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where h(n) is the receiver Iter and the represents the convolution operator. In

modern ISR systems, this signal x(n) is then sampled at discrete points in fast-time

which will be referred to as ns. The convolution and sampling operation can be
brought in the integral as the following,

z 2r r

X(ng) = exp[ Jk r]s n " Ne ;N c h(ns n)drdn: 3.3)

Once the signal has been received and sampled, the autocorrelation function is

then estimated from the sampled signal x(ns). The full expression of the underlying

autocorrelation of this signal is the following,

Z
hx(ns)x (nb)i= exp[ jk (' r)s n %s n —

h(ns nh(nl n) n. r;n gne r’:n’ < drdr’dndn’; (3.4)

where r’ is the magnitude of the vector r’. By assuming stationarity of second order
signal statistics along fast time, lag variables n n,and s nl nscan be

substituted. With these substitutions, Equation 3.4 becomes

z
hx(ngdx (ns+ )i=  exp[ jk (' ©]s n % S n+ ~

0

h(hs Nh(ns+ s n ) ne rn ne rn+ % drdrldnd  (3.5)

c
A simplifying assumption at this point is used: namely that the space-time auto-
correlation function of ne(r;t), ne r;n ¢ ng r';n’ %0 , will go to zero as the
magnitude of y  r’ r increases beyond the Debye length (Farley, 1969). Thus,

the rate which the spatial autocorrelation goes to zero will be such that @

allowing us to set r = r’ inside the arguments of s and h. Also the ¢ and %0 terms
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can be dropped from the space-time autocorrelation function of ne(r;t). This allows

Equation 3.5 to be rewritten as

z
hx(ngdx (ns+ )i= s n 2r S n+ % h(ns nhms+ ¢ n )

z
exp[ 2jk ylhng(r;n)n,(y + r;n+ )idy drdnd : (3.6)

The inner integral is a spatial Fourier transform evaluated at the Bragg vector
of radar k. By again asserting stationarity along fast time, the true ACF can be

represented as the following,

z
R( ;1) = hine(k; r; )j%i exp[ 2jk ylhne(r;nmn.(y +r;n+ )idy:  (3.7)

Now Equation 3.6 becomes

Zz
hx(ns)x (ns + )i = hjne( ; k; r)jzi
YA
s(n %)s (n+ %)h(nS nh s+ s n )dn
d dr:

(3.8)

If ns is replaced with 2rs=c we can introduce the range ambiguity function
W ( s;rs; ;1) by doing the following substitution,

z
W(srs ;)= s(n %)S (n+ %)h(erC nh (2rs=c+ s n )dn: (3.9)

Assuming, for the moment, that R( ;r) only varies across the range dimension r,

this can be represented in the form of a Fredholm integral equation
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YA
hx(2rs=c)x (2rs=c+ )i = W(s;rs; ;r)R( ;r)drd : (3.10)
The range ambiguity function, W( s;rs; ;r), can be thought of as a smoothing op-
erator along the range and lag dimensions of R( ;r). This result is also derived in
(Nikoukar et al., 2008), (Woodman, 1991) and (Hysell et al., 2008)

The spatial ambiguity across azimuth and elevation angles is determined by the
antenna beam pattern. In phased array antennas, this beam pattern is ideally the
array factor multiplied by the element pattern (Balanis, 2005). The array factor
is determined by a number of things including the element spacing and the wave
number of the radar, k. For example, by making idealized assumptions with no
mutual coupling and that the array elements are simple cross dipole elements, AMISR

systems will have the following antenna pattern for pointing angle ( s; <):

F(s s s =%(1+cos( )Z)ﬁ -
i = H - 2 .
(rexpli y=2+ O TGO SEIET )
where L = Kdy(sin cos sin scos ), y= kdy(sin sin sin ¢sin ) and

M is the number of elements in the x direction of the array, and N is the number of
elements in the y direction(see Appendix: B for derivation).

The spatial ambiguity is a separable function made up of the components of
W(s ;r;r)and F( s s ; ). These two functions can be combined by multiply-
ing the two, creating the spatial ambiguity function K( s;rs; ;r). This yields an
expression for a single statistical realization of the ACF of the incoherent scatter

random process, which will be referred to as ( s;rs):
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Spatial Ambiguity Functions
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Figure 3 6: Full spatial ambiguity function in Cartesian space for case
with 4 beams with trailing edge of a 240 s pulse at 400km range. The
surface represents the half power point of the ambiguity function.

Z
(ssrs)= F(s s 5 W(srs; ;rR(;n)dvd ; (3.12)
Z
= K(srs; ;DR(;nNdvVd : (3.13)

A rendering of an example of this full spatial ambiguity function for an uncoded
long pulse, with antenna pattern from Equation 3.11 for four beams, can be seen in
Figure 3 6.

As mentioned above, this one pulse ACF estimate represents a single sample of a
random process. In order to create a usable estimate, multiple samples of this ACF
need to be averaged together to reduce the variance to su cient levels in order to

t the estimate to a theoretical ACF that is a direct function of plasma parameter
values. To show the impact of this averaging in creating the estimate of the ACF,

a slow-time dependence will be added to the expression for the medium ACF, which
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now becomes R( ;r;t), and will also add another separable function G(ts; t) to the
kernel. This function G(ts; t) can be thought of as a sampling and blurring kernel for
the ACF if the plasma parameters change within an NCPI but if they are stationary
over an IPP. For a low duty cycle radar where the amount of time that the radar
pulse is illuminating the plasma in a point of space is very short compared to the
PRI, G(ts; t) can take the form of a summation of Dirac delta functions

DS

G(ts; t) = it ts JTrev) (3.14)
j=0

where J counts the number of pulses used over a NCPI, Trey is the amount of time it
takes the radar to revisit the speci ¢ beamand ; represent the weights that the radar
assigns to the pulses. For systems using pulse-to-pulse steering, one strategy revisits
each beam sequentially, in this case making Trey = Npeam Tpr1, Where Nyeam 1S the
number of beams and Tpg, is the PRI time period. For the case where weights are set
to 1=J, this operation simply averages the pulses. With Equation 3.14 incorporated
into the overall ambiguity we obtain the full integral equation,
Z

(sifsits) = L(srsts ;nHR(;rt)dvdtd : (3.15)

The nalkernel, L( s;rs;ts; ;r;t) = G(ts; )K( s; rs; ; 1), encompasses the full space-

time ambiguity.

3.3 Ambiguity after Frame Transformation

This section will focus on the impact of the motion of plasma as it is going through
the eld of view of the radar. It will be assumed that the radar is integrating over
a length of time T beginning at ts. The kernel L will be represented as a separable

function K and G as in Equation 3.15. In this case, G will be a summation of Dirac
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delta functions with weights of 1=J. This will change Equation 3.15 to the following:

. 2 gy, 3

( sy Is ts) = K( si sy r) 4(1:J) (t ts jTREv)R( ; r;t)dt5 dvd :
ts 170
(3.16)

Of speci ¢ interest in this study are instances in the high latitude ionosphere
where embedded plasma structures are moving due to electric eld drivers applied by
the magnetosphere. In this case, it will be assumed that the plasma is a rigid object
and will not deform with respect to r over time period [ty; to+T] where T = JTrgy S
the time for one NCPI. Also, it will be assumed that the plasma parcel moves with a
constant velocity v. Thus R( ;r;t) D R( ;r+vt). The assumption of rigidity can in
some cases be valid over the time period of the NCPI, on the order of a few minutes,
while the plasma moves through the eld of view of the radar. For example, in the
high latitude ionosphere, large scale features in structures such as patches decay on
the order of hours (Tsunoda, 1988). This assumption is useful because it allows our
framework to analyze impacts of these plasma variations on the parameter resolution

of ISR systems. With these assumptions, Equation 3.16 becomes,

Z tZ+TN
(srsits) =(1=J) (t ts JTrev)K(srs; ;HR( ;r+vt)dtdvVd
ts 470

(3.17)
A change of variables to r' = r + vt acts as a Galilean transform and applies a
warping to the kernel, changing the frame of reference. Since R( ;r") is no longer

dependent on t, Equation 3.17 can be integrated in time and becomes:
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Spatial Ambiguity Functions with Motion

zinkm

yinkm X in km

Figure 3 7: Same spatial ambiguity as in Figure 3 6 but now with 500
m/s velocity in y direction in plasma frame of reference. The surface
represents the half power point of the ambiguity function.

Z" »a #
(siTsts) = (1=2J) K(srs ;1" V(ts+jTrev)) R(;r)dvd : (3.18)
j=0

The problem can now be simpli ed further back to a Fredholm integral equation
by simply replacing the terms in the square brackets as a new kernel A( s; rs;ts; ;r'):
z

(sifsits) = A(srsits; ;r)R( ;ravd : (3.19)

The impact of the plasma velocity on the ambiguity function can be seen in Figure

3 7. This is the same ambiguity as seen in Figure 3 6 but with a velocity of 500 m/s

in the y direction over a period of 2 minutes. This velocity creates a larger ambiguity
function in the frame of reference of the moving plasma.

The operator A can be determined through knowledge of the radar system’s beam

pattern along with the experiment’s pulse pattern, integration time and inherent
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velocity of the plasma. This velocity v could be separately estimated by taking
measurements of the Doppler shift by using a methodology like that seen in Butler
et al. (2010). With this strategy, the operator is now acting purely as a spatial blurring
function instead of a full space-time function. It is noted that reducing dimensionality

of the problem can make it easier to solve the inverse problem in practice.

3.4 Ambiguity Impact on Real ISR Data

With knowledge of the radar ambiguity, possible sizes of features can be inferred.
An example using real data further elucidates this idea. One way that the true
size of features involves comparing real measurements of plasma parameters with
other distributions and applying the ambiguity to them. Often, researchers using
ISR combine data from di erent sensors (Dahlgren et al., 2012a), such as all sky
camera data (Shiokawa et al., 1999; Hosokawa et al., 2006; Shiokawa et al., 2009).
This combination of information allows researchers to obtain a better understanding
of the underlying physical phenomena.

An example of real data that shows how features could have been impacted by
measurement ambiguity is seen through the series of images in Figure 38. This
data was also used in Perry et al. (2015). This gure shows an auroral arc moving
through the geomagnetic polar region near Resolute Bay Canada at approximately
500 m/s. The gray scale image on the bottom is the projection of auroral brightness
in the 630 nm wavelength optical band, which gives a measure of a weak ( 100eV)
electron precipitation into the ionosphere. The radar electron density measurement is
interpolated, using natural neighbors, along the the plane of motion of the arc. The
black dot represent the original spatial sampling points of the data. The arc, seen
as an electron density enhancement in the radar data and a brightness enhancement

in the optical data, is moving along the horizontal direction of the plane over a two
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minute integration period for each image.

Interpolated slice of Ne along plane y=0.11x+275.56 Interpolated slice of Ne along plane y=0.11x+275.56
Date: 02/20/2012 - Radar: 05:17:55 - 05:20:03 Date: 02/20/2012 - Radar: 05:20:03 - 05:22:10
OMTI 558 nm: 05:18:01 - 05:18:31 OMTI 558 nm: 05:20:01 - 05:20:31

8
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Figure 3 8: Data taken from the Resolute Bay Incoherent Scatter
Radar (RISR) and interpolated along the plane of motion of the auroral
arc with green line emission optical data plotted underneath. Each
image is a plotted over a two minute integration time for the radar.
Also in the image is the sample points of the radar (black dots) and
the path of the auroral emission.

The nal set of radar data seen in Figure 3 8 is replotted in Figure 3 11a without
other data sets and sampling grids. This will help with comparisons to the following

gures, which are plotted along the same plane of motion.

The speci ¢ experiment beam pattern yielded a sampling pattern seen as the black
dots in Figure 39. The speci c result of the ambiguity along the the plane of the
motion can give a basic idea of the "resolution” of the image of the objects if there
IS not motion. Also, it can show if an object may be hidden if stationary during the

integration time.
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Log of ambiguity function
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Figure 39: The three dimensional sampling pattern as black dots
and spatial ambiguity plotted on to along the plane of motion along
the auroral arc.

In order to nd the actual size of the feature in Figure 3 11a we have to take into
account the ambiguity in Figure 3 9 along with any motion that may be present in
the feature. The feature shown in Figure 3 10 is a possible distribution that could
create a similar measurement seen in Figure 3 11a. Using the separate optical data
we infer that this feature is from a cylinder with a Gaussian shaped cross-sectional
plasma density.

Applying the space time ambiguity in Figure 3 9 along with an assumed motion of
500 m/s, again suggested by the data in Figure 3 8, the distribution in Figure 3 11b
is created. This seems to suggest that the features seen in Figure 3 11a could be from
physical phenomena that is much smaller than what is shown in the interpolated

image.

3.5 Summary

The use of the Space-Time Ambiguity function as a kernel of Fredholm integral equa-

tion is the theoretical framework of this thesis. The process for the estimation of the
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Simulated Data

km),

100 0

East (km)

Figure 3 10: A possible distribution of electron density with a Gaus-
sian shaped enhancement that has a max of 5x10* m 2 a standard
deviations of 12.7 km along the vertical direction and 8.5 km along
the horizontal direction. The center of this plotted at the point
r = [225km; 225km; 335km]". It is assumed that the density is con-
stant along the direction orthogonal to the plane of motion.

ACFs ts very well within this mathematical structure. This structure though, is not
rigid, and can be adapted to the situation that a researcher may face when performing
ISR experiments by taking advantage of the fact that the ambiguity kernel is a set of
separable functions. The ambiguity can be used similar as a blurring kernel if there
is plasma motion which can allow for the inference of di erent possible features, thus
creating an ill-posed inverse problem. Lastly, the impact of the ambiguity function
can be demonstrated in experiments where real data is used.

The Space-Time Ambiguity can greatly augment the features seen in the ISR
data. The changes one sees are also highly dependent on the interpolation scheme
beam pattern and motion of the plasma during the integration time. It is of utmost
importance that researchers take this impact into account when analyzing ISR data
and experiments. The following chapters describe a tool to help predict the impact

of the ambiguity and a set of algorithms to reduce its e ects.
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Actual Data From RISR ot Simulated Data After Measurement

200

100 100

East (km) East (km)

(a) (b)

Figure 3 11: (a) Data taken from the Resolute Bay Incoherent Scatter
Radar (RISR) and interpolated along the plane of motion of the auroral
arc. (b) The same feature from Figure 3 10 after applying the e ect
the spatial ambiguity seen in Figure 3 11a and 500 m/s motion over
the two minute integration period.

Ne (m'3)
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Chapter 4

ISR Simulation

The previous chapter developed a forward model for the ISR sensing modality, valid
for an arbitrary beam pattern and a target that may vary in space and time. As
described, the collected signal in ISR is noise-like with the variance of the tted
parameters directly dependent on the length of temporal integration. Therefore,
evaluation of any inverse theoretic scheme requires a full simulation of the ISR ac-
quisition. The following chapter details the methodology behind SimISR along with
some processed examples. The rst section shows how the synthetic data is created
at complex voltage level. After which results of these simulations are shown after
the data has been processed as described in Section 2.3. The results are interpolated

back to the original Cartesian space of the plasma parameters.

4.1 Simulation Methodology

The SimISR software package allows one to analyze di erent experiment scenarios
by simulating the ISR measurement process. The space-time ambiguity is modeled
through a three-dimensional blurring kernel along with appropriate coordinate trans-
formations to account for target variation during radar acquisition. The statistical
error is taken into account by creating complex shaped Gaussian noise. In what fol-
lows, we begin with a description of construction of spectral Iters designed to create
the noise-like signal received in ISR experiments. This is followed by description of

the process of creating complex receiver voltage data.
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4.1.1 Creating Filters

The simulator takes as input a discretized set of ionosphere state parameters in Carte-
sian coordinates which can vary in time. These state parameters electron density (N,),
electron temperature (T.), ion temperatures for each ion species (T;), and the densi-
ties for each individual ion species. This corresponds to the true eld of ionospheric
plasma state parameters we seek to reconstruct. The rst step in the simulator is
to create theoretical ISR spectra at each point from the prescribed parameters. For
details on calculating these spectra from the intrinsic plasma parameters see, Sec-
tion 2.1, and Appendix A for greater detail.

Once the spectra have been created, the simulator transforms the resulting values
to a radar-centered spherical coordinate system. This coordinate change acts as a
linear operator in spatial dimensions, and the spectra are accordingly weighted and
averaged. The weighting in azimuth and elevation is determined by the antenna
beam pattern, while the weighting in range (i.e. along beam) is simply a binary
test of whether the spectra are within the range gate. If there are no spectra within
the range gate, a nearest neighbor rule is used which selects the closest point in
Cartesian space. This method to create the spectra for each point is an acceptable
approximation because spatial correlations between the electron density uctuations
will be on the order of the Debye length (Farley, 1969) which is, in nearly all practical
cases, signi cantly smaller than the beam width or range gate size. This is same
as making the assumption of wide-sense stationarity with uncorrelated scattering
(WSSUS) (Kailath, 1962). The algorithm implementing spatial sampling is shown in
the simpli ed diagram in Figure 4 1.

Once the theoretical spectrum for a given scattering volume has been calculated,
an appropriate spectral shaping Iter is created. The method to create the Iter

given a desired spectrum or ACF can be done in a number of ways (Kasdin, 1995).
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Figure 4 1. Each point is a from a discrete sampling of a Cartesian
space. The beams are broken up into range gates, separated by the
dotted lines, and the parameters at each point overlapping within these
gates are averaged.

The implementation in SimISR creates an in nite impulse response Iter in order to
ensure a causal, minimum phase Iter. The coe cients are determined using the ACF

by solving the following set of equations,

32 3 2 3
Rm(o) Rm(l— 1) Rm(l) a1 Rm(l)
E Rn@ - Ra@ Rmzngazz zz E Rm:<2)z 1)
RoL 1) Rm(L 2)  Rm(©) a Rm(L)

where R, (1) are the ACF values, L is the desired length of the Iter, and a; are the
set of Iter coe cients. The Iter then takes the form in the frequency domain as the
following,

Hm(z) = (4.2)

G
X

The gain term G is used to make sure the noise has the correct variance. This can

be calculated as



aiRm(1); (4.3)
1=0

where ag = 1. This method has been used in similar ways in other contexts{e.g.,
the creation of vocoders for speech processing applications, as it creates causal and
stable in nite impulse response Iters (Rabiner and Schafer, 2010). Equivalently, this
technique is creating an autoregressive (AR) process. Alternatively a moving average
(MA) process could be use, which would result in a nite impulse response Iter but
calculating the coe cients for this Iter can be much more computationally di cult

(Kay, 1993).

4.1.2 Simulated Complex Voltage Creation

The algorithm used to create sampled complex receiver voltages employs a complex
white Gaussian noise (CWGN) process (\plant™) that is spectrally shaped at its
output using a time domain Iter. As stated in the previous subsection, each point
in space and time will have a separate noise plant and Iter which is derived from
the plasma and radar parameters parameters. Figure 4 2 presents a representative

example.

Figure 4 2: Diagram for main kernel of complex receiver voltage sim-
ulator signal ow.

The creation of one set of complex receiver voltage data can be represented by
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ym(K) = s(k) [hm(k)  w(k)]; (4.4)

where s(k) is the overall transmitted pulse envelope, hy, (k) is the time domain repre-
sentation of the Iter in Equation 4.2 and w(k) CN(0; 1) or CWGN noise process.
The pulse shape acts as a window function, since the plasma will only re ect energy
during the time it is illuminated by the radar signal.

After the data for each range gate y (k) is created, the received signal’s power

can be calculated from ISR plasma scattering theory as

o - T)G 2P N |
"T2(4 )2 RI(L+KEB)(L+KE BT

(4.5)

where P, is the power received in Watts (W), k is the wavenumber of the radar in
meters (m), c is the speed of light in m/s, T is the along-range gate extent in
seconds, G is the gain of the antenna, Py is the power of the transmitter in W, . is
the electron radar cross section in m?, p is the Debye length in m, N is the electron
density in m 3, and T, is the electron to ion temperature ratio.

The received signal power calculated at each range gate using Equation 4.5 is used
as a scaling constant for each y.,(k) series. A delayed and summed operator yields a

model of the received radar scatter signal:

<L
x(n) = (M)ym(n  m); (4.6)

m=0
where (m) = pmzby and by is the estimate of the standard deviation of yu, (k).
Each signal from each M number of range gates is assumed independent of one and
other as this would violate the assumption that any spatial correlations drop o much
faster than the distance covered by one range gate, see Section 3.2. Lastly, to model

total noise from the radar system and environment, an additive CWGN process is
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included, creating the nal simulated complex receiver voltage sequence

_
xM=xm+ T2Pwm); wk) CNOD) @.7)

where ky is Boltzmann’s constant, Tsys is the system temperature and B is the system

bandwidth. A full diagram of the model can be seen in Figure 4 3.

Figure 4 3: Full SimISR signal ow diagram where the diagram from
Figure 4 2 is replicated for each range gate. The signals for each range
gate are then weighted and then summed together to form the data from
a single beam. Also note that each noise plant is assumed independent
of one and other.

4.2 Simulation Examples

The framework for SimISR allows exploration of a number of aspects of ISR process-

ing. Within the scope of this thesis, we will focus on four application examples.
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The rst example compares the output of SImISR with a set of relatively geo-
physically quiet data from the PFISR system. The next case demonstrates how the
simulator can be used for Monte Carlo estimates of ISR spectra. In this case, we
hold all of the plasma parameters constant and determine how the distribution of the
measured parameters evolve. The next example uses a simple altitude distribution
of ionospheric plasma parameters to show the impact of the forward model of the
ISR on a basic measurement of electron density. This is intended to illustrate that
basic ambiguities inherent in ISR measurements can give the appearance of a change
in morphology of the plasma phenomena when none truly exists. Finally, the output
of a fully consistent multi- uid ionosphere model is used as input to the SimISR and
is applied in two use cases relevant to experiment planning, one varying over two
spatial dimensions and another varying in all three spatial dimensions. The results
of these use cases illustrate an inherent tradeo in experiment construction between
reducing statistical uctuations in the measurement and increasing distortion in the

nal reconstruction.

4.2.1 Real Data Comparison

The rst example shows PFISR data compared to SimISR. This comparison is made
up of an altitude pro le taken from PFISR during a geophysically quiescent period
during the day. An input set of parameters was created using analytic functions that
resemble the data from the radar. The functional forms used are a Chapman function
for the electron density; arctan functions for the ion and electron temperatures; and
a constant of zero for the ion velocities.

The chosen parameters for the inputs can be seen in Figure 4 4 as the green
lines. The collected PFISR data can be seen in blue and the SimISR output in red.
The plots show that the PFISR and SimISR data show similar variability within the

parameters although SimISR seems to start to have a bias in the electron and ion
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temperatures above 500 km. The T; and T, are negatively correlated so any change
in one would create the opposite e ect in the other parameter. Upon further runs
this supposed bias in T; and T, is actually just within the natural variability of the
parameter measurements. The negative correlation between the parameters remains
though as it is related to the way the IS spectrum is shaped with regard to the plasma

parameters.

Figure 4 4. Comparison of real data from PFISR, in blue, with
SimISR data, in red, and an input parameter distribution in green.

A version of Figure 4 4 can be seen with error bars in Figure 4 5. The error bars
in the SImISR parameters seem to be much small than those from PFISR. This seems
to be due to a number of reason: the rst is that there are slightly di erent tting

algorithms used between PFISR and SimISR; second PFISR has to t data which is
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created through multiple ion species, thus creating a larger source of uncertainty if
the ion species relative contributions are incorrect; lastly there are other sources of
error that PFISR operators may add into the their uncertainty calculations that are

not present in a simulation.

Figure 4 5: Comparison of real data from PFISR with SimISR data
and a possible input parameter distribution along with error bars.

Lastly a comparison of example ACFs and spectra are shown in Figure 4 6. In
both cases the ACFs were estimated using the method described in Section 2.3. This
leads to a windowing of the ACF speci ed by Equation 2.27, and is the cause of the
ringing artifacts seen in the spectra and that the 0™ lag is not the largest amplitude,
as would be expected. Also of note is the lack of symmetry in the PFISR spectra,

which is likely due to the mixing of di erent populations of plasma during the radar
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integration period of ve minutes (Knudsen et al., 1993). Still, qualitatively this
shows relatively good correspondence between PFISR and SimISR and gives some

con dence in the ability of SImISR to create realistic data.

Figure 4 6: Comparison of ACFs and spectra from PFISR with
SimISR. In both cases the ACFs were estimated using the method
described in Section 2.3 thus adding a windowing function like in Equa-
tion 2.27.

4.2.2 Monte Carlo Example

It is often necessary to obtain a large number of sensor measurements for a statistical
study or for creating of a training data set for a pattern recognition algorithm. This
can be a very burdensome search and classi cation task for the researcher if the input

set must be drawn from actual sensor measurements. However, a number of useful
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Table 4.1: Simulation parameters.

Species O+ e-

Ne 1 10" m?3
Te 2100 K

T; 1100 K

Vi 0 m/s

cases exist where SimISR can be pro tably employed to create a synthetic data set
instead, saving considerable work over case assembly from a real ISR data based
training set. We explore one such example in this section.

For this example we show how distributions of plasma parameter measurements
change as more pulses are averaged. To do this we created a eld of constant plasma
parameters typical of the high latitude ionosphere at around 250 km, and performed
a Monte Carlo-type simulated statistical experiment using a number of independent
realizations. We use the parameters for the PFISR system for this simulation along
with the plasma parameter listed in Table 4.1. For a number of independent radar
pulse counts J, we used 4,600 realizations of the statistical ISR measurement process
in each case to create statistical distributions of measured parameter values. To
calculate distributions histograms are created using each of these relations, although
some come from the same beam and thus there can be some statistical correlation.
The distributions can be seen in Figure 4 7 which show distributions where 200,
500 and 1000 pulses are used respectively. For a given pulse count J, the plasma
parameters have a Gaussian-like distribution. As expected the distribution narrows
as the number of pulses J is increased. Another observation is that as the number of
pulses increases the bias in the measurement is reduced, which could be due to the
way that the histograms were calculated.

ISR error analysis also bene ts from SimISR’s ability to generate a large number of
samples of tted parameters. In particiular, ISR measurements need to have estimates

of the errors, and accuracy of the estimates of these errors can be explored using
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Figure 4 7: Normalized histograms of tted plasma measurements
from cases with 200, 500 and 1000 pulses integrated. These are esti-
mates of probability density functions for each of the plasma parameters
measurements given the values in Table 4.1.

SimISR. Using the 1000 pulse case seen in Figure 4 7, we can compare simulated
output distributions with the actual distribution of parameter values. Figure 48
shows a comparison of these two di erent models using. The rst method, represented
by the blue line, uses the sample mean and variance calculated from each as the
variance and mean for a Normal distribution. The other method, which generated the
green line, calculates an average squared error from the true value for each parameter
for the variance in a Normal distribution and uses the true value for the mean. This
example shows that the parameter distributions are well represented by a Gaussian
function but that the error estimated from the t may not give a completely accurate
representation of variance of these parameters.

The SimISR tool is useful for identifying situations where assumptions in the pa-

rameter tting break down. For example, a number of studies have explored the case
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Figure 4 8: Distributions of tted plasma measurements from cases
with 1000 pulses integrated. The red curve shows the actual distribu-
tion derived from a histogram of 4600 measurements. The blue curve
is a Normal distribution using the MSE from the measurements as the
variance and the average parameter value as the mean. The green curve
is a Normal distribution using the average estimate of error squared
that comes with the parameter measurement as the variance and the
average parameter value as the mean.

where ISR parameter measurements and spectra show evidence of non-Maxwellian
plasma behavior (for AMISR examples see Akbari et al. (2012, 2015)). Future stud-
ies using the simulator could help create a training set that can be used with a
pattern recognition algorithm to identify cases where normal tting procedures may

be incorrect due to violation of Maxwellian assumptions.

4.2.3 Electron Density Measurement

An important aspect of experiment design is determining the observability of plasma
phenomena with ISR. The simulator can be used to help understand the trade space

accompanying a given experimental con guration. With this in mind, we use a simple
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Figure 4 9: Contour of background N, for simulations and the spatial
sampling pattern overlayed as white dots.

two dimensional spatial eld of ionospheric parameters as an illustrative case study.
An all O* ionosphere is created with a background electron density that follows a
Chapman function with 1 10** m 3 as the peak value and a constant electron and
ion temperatures of 2000 K and 1500 K respectively. The background ionosphere is
depicted in Figure 4 9.

We rst explore how a thin stationary density enhancement is resolved with the
radar beam pattern shown in Figure 4 9, where each dot is a range gate in one of the
25 beams used. In Figure 4 10a, a thin density enhancement 2 km in width and 5

times the background is placed in the radar eld of view. The enhancement is at the
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resolution limit of the original Cartesian grid, a delta function in the x direction. The

tted electron density results from our simulation, without any additional averaging
beyond the processing described in Section 2.3, are seen in Figure 4 10b and Figure
4 10c using 15 and 60 second integration times, corresponding to 60 and 240 pulses
per position, respectively. The di erent integration times show that, although the
enhancement is blurred, the variance of the measurement impacts the quality of the
reconstruction because of the inherent noise-like nature of of the signal. The expected
errors for both of the reconstructions are shown in Figure 4 11. As expected, the
estimated errors show that uncertainties are larger for the case with fewer pulses
(i.e. smaller ensemble average size). Because we know the input parameters, we can
do a quick comparison using the root mean squared error (RMSE) for each case.
By comparing the RMSE between the 15 and 60 second integration cases, we nd
that the ratio between the two cases is approximately 5.4 in the simulation output.
However, the expected RMSE ratio between the two should be approximately 2 since
the variance of the ACFs scales as 1:pj, where J is the number of pulses. If we
instead use a median instead of a mean operator in the error calculation, this ratio
becomes 1.55, more in line with the expected statistical error scaling, largely due to
the large outliers being disregarded. Further investigation of the quantitative error
discrepancy is a larger e ort and beyond the scope of this study. However, in general,
the ratios between the errors and expected errors are relatively close when employing
a median estimator that inherently rejects large outliers.

The blurring e ect seen in this case study is not constant throughout the simulated
space due to the way the radar samples the space. This is illustrated in Figures 4 12
and 4 13, where as the enhancement moves through the scene at 500 m/s, its apparent
size is a ected by the orientation of the radar beams. As the enhancement becomes

parallel to the radar beams, close to 0 km in the X plane, its morphology in the
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Figure 4 10: Results of stationary enhancement simulation. a) Input
Ne. b) Output of simulator with 15 second integration. c¢) Output of

simulator with 60 second integration.

Figure 4 11: Standard deviations represented as percentages com-
pared to the values in Figure 4 10. a) Error percentages from t for 15
second integration example. b) Error percentages from t for 60 second

integration example.

reconstruction becomes smaller along the X-axis, as the range ambiguity is much

larger than the cross range ambiguity. In both cases the expected errors, shown in
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Figure 4 12: Results of moving enhancement simulation at 600 sec-
onds. a) Input Ng. b) Output of simulator with 60 second integration.
c) Estimated error percentages from t.

Figure 4 13: Results of moving enhancement simulation at 840 sec-
onds. a) Input Ng. b) Output of simulator with 60 second integration.
c) Estimated error percentages from t.

panel ¢ in both Figure 4 12 and Figure 4 13, give us con dence in these results as
they are much lower value than the enhancements and background.

This change in the shape of the enhancement can give the impression that its
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morphology has evolved as it was moving through the eld of view of the radar. This
could lead to an incorrect interpretation of the physical process taking place, and
issue raised by Dahlgren et al. (2012a). Thus, one must be careful when analyzing
these sorts of reconstructions.

Lastly, for this type of simulation, we show an example to demonstrate the sit-
uation where a set of two di erent input parameters can yield qualitatively similar
results. For these cases we create electron density enhancements similar to those seen
in the high latitude observational study of Semeter et al. (2005) during a poleward
boundary intensi cation event. The sizes of these enhancements are 10 km width
and 18 km width. The enhancement in the 10 km width example is 6 times higher
than the background while the 18 km width enhancement is 3 times higher than the
background.

The input electron density, the tted electron density and the expected error
for the 10 km enhancement can be seen in Figure 4 14. The same images for the
18 km wide case can be seen in Figure 4 15. Both cases show that electron density
enhancements are well above the expected errors. The tted electron density for both
the 10 km enhancement and 18 km enhancement cases show nearly identical results.
This simple example demonstrates the possibility to create a non-unique solution in
ISR experiments. The results further demonstrate that SimISR can provide useful
information in this case, in that it can provide information during the design phase of
an experiment that highlight possibilities for ambiguous observational results between

two di erent sets of phenomena.

4.2.4 Full Parameter Experiment

Another SImISR use case employs input plasma parameters derived from the multi-
uid model developed by Zettergren and Semeter (2012). The speci ¢ model run

was originally used by Perry et al. (2015) to assist in interpreting measurements of
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Figure 4 14: 10 km wide enhancement moving simulation at 480 sec-
onds. a) Input Ne. a) b) Fitted N, with 60 second integration. c)
Estimated error percentages from t.

Figure 4 15: 18 km wide enhancement moving simulation at 480 sec-
onds. a) Input Ne. b) Fitted N, with 60 second integration. c) Esti-
mated error percentages from t.

polar cap arcs from the Resolute Bay Incoherent Scatter Radar (RISR). Images of
the modeled plasma parameters are shown in Figure 4 16 and Figure 4 17. The en-

hancements in electron density, electron temperature, and ion temperature comprise
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Figure 4 16: Background ionospheric parameters (Ne, Te, Ti) along
with number density of ion species, used for simulations.

the self-consistent response of the ionosphere to a eld-aligned current system with
amplitude .875 A/m?. The source is made to move with respect to the radar at a
velocity of 200 m/s (a value inferred from optical forms observed during this event).
A channel of soft electron precipitation (50-500 eV in energy) is added to the upward
current channel, with energy ux consistent with the amount of electron heating seen
during the event. A reasonable objective for a multi-beam ISR experiment could be
to validate model predictions of conditions leading to the arc-adjacent density deple-
tion seen in panel a of Figure 4 17. In this speci c case SimISR can be used to assess
observability of dynamic plasma structuring and establish con dence intervals on the
ISR results.

Using a beam pattern similar to the one seen in the right panel of Figure 49,
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Figure 4 17: Perturbations to Figure 4 16 due to an imposed current
system of .875 A/m? at t = 960 s, representing an polar cap auroral
arc which is sweeping across the eld-of-view of the radar at about 200
m/s (Perry et al., 2015).

we use SimISR to explore how an electronically scanned ISR may reconstruct this
dynamic auroral arc system. For the purposes of illustration, we use the contrived
case where the radar spatial beam pattern is de ned to be in the plane of convection.
It is also assumed that the ion species present (particularly their individual masses
and relative concentrations) are known. This is a common use case in ISR tting,
as allowing ion concentrations to be free parameters can in some situations allow
for non-unique solutions depending on the ion species that are present. If the xed,
a priori composition ratios between the di erent ion species are incorrect, this can
lead to errors in the nal parameter estimates, with ion temperature particularly
a ected. For the lower F region ionosphere, parameter distortions can occur between
150-250 km where the ionosphere changes from NO™ dominated to O* dominated
(Zettergren et al., 2011; Blelly et al., 2010). We also note that as the eld aligned
current passes through the simulated eld, an in ux of NO™ appears in the region

of rapid ion mass transition for this simulation, potentially violating ion composition
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assumptions (Perry et al., 2015).

The output of SimISR in the auroral arc case can be seen in Figure 4 18. The
integration is started at t = 960 s into the multi- uid simulation with the plasma
parameters shown in Figure 4 17. For this case, a 60 second integration time is used,
which for the 27 beam radar experiment set up gives 255 pulses per position. These
plasma parameters are linearly interpolated to a Cartesian grid and plotted using the
GeoData API (Swoboda et al., 2016b). Lastly, the expected errors from the t can
be seen in Figure 4 19, which are of much lower value that the tted parameters.
We highlight several features in the tted results. First, the predicted enhancements
in electron and ion temperature are clearly observable and well above the expected
error. Second, we examine whether the predicted density cavity in the downward eld-
aligned current region is detectable. A deepening and broadening region of plasma
evacuation is predicted as a self-consistent response to a con ned up-down current
pair (Cran-McGreehin et al., 2007). But it has been unclear whether this prediction
can be validated with ISR, since it involves detecting organized channels of reduced
backscatter power embedded within a higher density background. The images shown
in Figure 4 18 represent the best case scenario for identifying the presence of this
cavity since, at this time, the cavity is nearly co-aligned with one of the beams.
Using density measurements alone (panel a) the presence of the cavity is visible,
but only marginally so, as it is blended with the adjacent enhancement produced by
the applied precipitation in the upward current channel. A similar ambiguity exists
with the electron temperature result, which could easily be interpreted as purely an
e ect of heating from soft precipitation. However, the ion temperature increase in
panel b is decidedly narrower than the electron temperature enhancement, o ering a
possible observable ngerprint for the presence of a con ned up-down current pair.

The simulation result illustrates the e cacy of a collective analysis of all plasma
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Figure 4 18: Fitted plasma parameters for the auroral arc case at
t = 960 s with 60 second integration.

Figure 4 19: Estimated error percentages from tted plasma param-
eters for the auroral arc case at t = 960 s with 60 second integration.

state parameters in evaluating the physical mechanism responsible for an observed

dynamic. This is a common approach in data assimilation problems.
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4.2.5 Full 3-D Reconstruction

A common application of ESA-based ISR’s (PFISR and RISR) is to create three-
dimensional time-dependent visualizations of dynamically evolving parameter elds
(Nicolls and Heinselman, 2007; Semeter et al., 2009, 2010; Dahlgren et al., 2012b).
Such results are visually compelling but, as yet, there has been no framework ad-
vanced to evaluate uncertainties and potential artifacts in these interpolated views,
or to apply these results in a quantitative comparisons with predictions from physical
models. The state of modeling of the coupled magnetosphere-ionosphere system has
progressed considerably in recent years. In particular, hybrid uid-kinetic models
are able to make detailed predictions of small- and meso-scale processes underlying
global-scale system behavior (Damiano and Wright, 2005; Zettergren and Semeter,
2012; Akbari et al., 2016). Simulation will enable us to do formal hypothesis testing
on these predictions, which often involves the detection of subtle space-time variations
in a parameter eld.

As an example, SimISR was driven using plasma parameters computed from
a three-dimensional version of multi- uid model (Zettergren et al., 2015) used to
test simISR in the previous section. The parameter distributions represent the self-
consistent ionospheric response to a 0.65- A/m? eld-aligned current (FAC) that is
turned on at model time t = 0, and remains constant in time. The Region 1-like
FAC creates large enhancements in ion temperature due to frictional heating, and
also causes smaller amplitude enhancements (and depletions, as before) in electron
density.

The spatial domain is sampled using the beam pattern and sampling lattice shown
in Figure 4 20. This is a 121 beam pattern similar to the one used by Semeter et al.
(2008). For this simulation the data are integrated over 315 seconds which, with a

8.7 ms IPP and the current beam position, yields 300 pulses per position. After the
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Figure 4 20: The beam pattern used in angle space and the resulting
3-D spatial sampling pattern used for the three dimensional SimISR
use case simulation.

data were tted, a three-dimensional natural neighbor interpolation was performed
(Sukumar et al., 2001) and the results plotted using the GeoData APl (Swoboda
et al., 2016a).

The input plasma parameters and the results of SImISR simulation are summa-
rized in Figure 4 21. For the selected con guration, the reconstructed density and
ion temperature elds capture the predicted spatial variations reasonably well, pro-
viding con dence that this experimental con guration would result yield a positive
detection of the spatial variations predicted by the applied FAC. Reconstruction of
the electron temperature enhancement (which is derived from a higher-order moment
of the ISR spectrum) is less conclusive. This highlights the important point that vari-
ance is parameter dependent. In this case, SImISR informs us that, for this FAC and
this experimental con guration, a negative result for T, comparison is not su cient
grounds to discount the model prediction. A further re nement of the experiment
might yield a positive result.

The sampling pattern picked for this simulation was chosen to get as dense a set
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Figure 4 21: Input and output of full 3-D reconstruction of plasma
parameters.

of non-overlapping beams as possible. This has been the general objective for sev-
eral previous volumetric imaging experiments. The overall phenomena varies over
a much larger area, so there is an obvious trade o between sampling density and
the support region. These sorts of simulations can help experiment planners to un-
derstand these trade o s and possibly yield to innovative sampling stratagems for

speci ¢ phenomena.
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4.3 Summary

This chapter showed the methodology behind the SimISR software package which can
create synthetic ISR data. This simulator can be used in a number of di erent ways
and is available to the research community. SimISR shows good correspondence with
real data but there are di erence which can be attributed to speci ¢ choices made for
the speci ¢ simulation shown and variations in data processing between PFISR and

SimISR for estimating the parameters.
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Chapter 5

ISR Inversion

This chapter describes methods developed to invert the ISR space-time ambiguity
function and improve on current reconstruction schemes. The rst section brie y
restates the forward model that was explored in depth in the earlier chapters. The
follow section describes di erent inversion methods that have been used in the past
in ISR along a single beam, thus removing only the range ambiguity. This leads next
to a novel method of removing the e ects of the full space-time ambiguity function
described in Chapter 3 by reconstructing the parameters along the frame of reference
of the moving plasma. The last section will demonstrate the reconstruction algo-
rithms using both simple examples where non-linear tting is not needed and runs
from SimISR to determine the utility of algorithms on recovering the true plasma

parameters.

5.1 Forward Model

ISR systems measure the ionospheric plasma parameters by estimating second or-
der statistics from electromagnetic waves scattered from uctuations of the electron
density and tting plasma parameters to these statistics. The second order statis-
tics of the re ected waves, the ACF or power spectra, are related to the intrinsic
plasma parameters through a physics based model, see Section 2.1, and for greater
detail Appendix A for the speci cs of this model. The full forward model of intrin-

sic ionospheric plasma parameters to measured parameters from ISR is represented



77

in the diagram seen in Figure 51. The measurement process starts with a set of
plasma parameters distributed in time and space. Each set of plasma parameters is
then transformed to a set of ACFs using the operator represented by g(). The space
time ambiguity function L, acts as a blurring operator one might see in a camera
or numerous other types of sensors. The estimates are then t and estimates of the
plasma parameters b are created. Often times these parameters are interpolated or
projected back to the original Cartesian coordinate system, as the radar samples in a
spherical coordinate space. This is in a way applying the adjoint operator L to the

tted plasma parameters so researchers can compare to other sensors.

Figure 5 1: ISR measurement formation process.

This process shown in Figure 5 1 can be broken up into multiple parts. The linear
portion of this, where the space-time ambiguity function L is applied to the intrinsic
ACFs in the ionosphere R, and creates measurements of the ACFs , was detailed in

Chapter 3. Equation 3.15, restated in Equation 5.1, shows this process as a Fredholm
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integral equation:

Z
(srsts) = L(sirsts; ;i )R(;r;t)dvdtd : (5.1)

Not stated in Equation 5.1 is the randomness within the measurement process. One
way to model this is to take advantage of the fact that to order to estimate the ACFs
a large number of pulses are averaged in ISR and using the central limit theorem, one
can argue that the estimated ACFs become Normally distributed random variables
(Papoulis and Pillai, 2002). The radar data can be modeled as followsys CN ( ;C),

where C is the covariance matrix of the ACFs,

Vs( silsits) = (silsits) +W( ;I ts); (5.2

where w( s; rs; ts) is the zero mean random noise process of the ACFs with a correla-
tion structure dictated by C.

As with nearly all practical inverse problems, it is necessary to carry on the in-
version in a discrete space, so the algorithms be performed by digital computers. For
this case the variable ys will be sampled set in a vector format where each discrete
point in lag (length N;), time (length N¢) and space (length Ns) are vectorized along

the index i. This will create a Nj\NsN¢ 1 length vector

Y =100, to); Y 1: 71 t0); 25 Y( nyNeNe 13 FNgNeNe 15 Egnene )] (5.3)

The next step will be to discretize the input space, the intrinsic ACF in Cartesian
coordinates, which will be represented by the vector X, as r is already used for the
spatial variable and R would imply a matrix variable. Like y each point in lag (length

Ny), time (length N,) and space (length N) are vectorized along the index j. The
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resulting NyN,N; 1 length vector is the following,

X = [R( 0; To; t0); R( 15 X1;t1); 115 R( NeNpNe 15 FuNoNe 15 TN 1)]T (5.4)

The space-time ambiguity can be represented in a fully discretized form as the matrix

L. Substituting this into Equation 5.2 it becomes,
y =LX+w; (5.5)

where X is the intrinsic ACF in the Cartesian Coordinate space, and w is the vector
of the noise process.
With the formulation in Equation 5.5 schemes to reduce its impact of the Space-

Time Ambiguity can be discussed.

5.2 Inversion Schemes

The ambiguity function across range has been well studied and there have been a
number of di erent methods proposed to reduce its impact on ISR measurements,
(Holt et al., 1992; Hysell et al., 2008; Nikoukar et al., 2008; Virtanen et al., 2008).
These methods fall into to two di erent categories of regularization. The rst type,
Full Pro le Analysis (Holt et al., 1992; Hysell et al., 2008), inverts the entire ISR
process, including the non-linear step when moving between the parameter space
and ACF space. This allows for parametric regularization which can include known
physical constraints. The second type inverts only the range ambiguity as a linear
operator and regularizes the estimated ACF. This is detailed in Nikoukar et al. (2008)
and Virtanen et al. (2008), and will be referred to data-based regularization.

The main trade-o between the two approaches is computational complexity ver-
sus accuracy of solution. Full Pro le Analysis and other parametric regularization

schemes require a large amount of computation to nd a solution as the operator
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between the plasma parameters and ISR spectra is non-linear and thus many e -
cient and optimized techniques from linear inverse theory are not applicable. With
data-based regularization techniques the computational requirements are signi cantly
lowered as on is performing a linear inversion. Still this can lead to estimated ACFs
that can not be created by the incoherent scattering operator.

For the case of parametric based reconstruction schemes, such as full pro le anal-
ysis, the goal is to reconstruct the full set of plasma parameters at each point in time

and space, represented as the matrix . The cost function for this is the following,

b =argminky Lg( K2+ f( ) (5.6)

where f( ) is a vector of constraints functionals based on the plasma parameters,
is a vector that holds the di erent weightings for these constraints.

With data based reconstruction, the inversion is based on removing the e ect of
the space time ambiguity function on the ACFs and then subsequently tting the

plasma parameters. The cost function, similar to Equation 5.6, is the following

R =argminky Lxk®+ f(x); (5.7)
X

where f(Xx) is a vector of constraint functionals based on the ACFs, s a vector that
holds the di erent weightings for these constraints. The ACFs are then t to plasma
parameters at each point in space and time using a non-linear least squares algorithm

as in standard processing schemes, see Section 2.3.

5.3 Reconstruction in the Frame of Moving Plasma

Due to the size of the problem the inversion methods focused on in this work are data
based regularization cost functions of the type seen in Equation 5.7. The space time

ambiguity matrix L has a block matrix form with the sub-matrix K representing the
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spatial ambiguity. This block structure can be expressed as

2 3
K K 0 0
0 K K 0
L=§, _ Z (5.8)
0 K K

where 0 is a matrix of zeros the same size as K. This representation has some
advantages as the inverse problem can be broken up into smaller pieces. However,
this still leads to rather large matrices to invert because the number of rows grow
with the number of time frames along the input are integrated.

Another representation that can drop the calculations down further entails ad-
justing the spatial ambiguity to take into account the velocity of the plasma. Using a
Galilean Transform like in Swoboda et al. (2015), the set of K matrices for each time

integration can become a single matrix An.n. This form is shown as the following:

2 3
Ago O 0
0O A;; O
=8 . _ z : (5.9)
O ANT 1;NT 1

This new version of L will lead to ACFs in the moving frame of reference. The
approach assumes a stationary morphology of the plasma parameters. This assump-
tion may be physically justi ed for certain high latitude scenarios, where the regional
ionosphere probed by an ISR could be described as a structured eld (structured by
particle precipitation or plasma patch transport) translating according to a regionally
uniform convective ow pattern (Tsunoda, 1988).

In order to speed up the reconstruction, each individual lag and time frame of the
ACF separately are handled separately. The time frame is obvious from the structure
of the new L seen in Equation 5.9. The ability to separate each lag is assuming that

the receiver Iter bandwidth is su cient that it does not impact the shape of the IS
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spectrum. These assumptions lead to the following cost function

A = argmin Ky I—m;IXm;Ikz +  f(Xmy); (5.10)

Xmm;1
where the indexes m and | represent time and lag respectively. In order to solve the
cost functions the package CVXPY is used (Diamond and Boyd, 2016).

For this study, three speci ¢ cost functions are used. The rst is a constraint
on the 12-norm of the solution X, which can be represented as the following cost
function,

X;h = argmin kym;| Lm;|Xm;|k2 + m;|ka;|k2: (511)

Xm;l
This type of regularization is generally referred to as Tikhonov Regularization (Karl,
2005).
The next type of constraint is also a I>-norm constraint on the solution, i.e.
Tikhonov Regularization, except that it operates on DXy, a numerical approxi-

mation to the spatial gradient of x,.;. The cost function is the following,

Xm;l

The last constraint is similar to Equation 5.11 but instead uses an I*-norm,

A = argminkymy  LmaXmik? +  miKDXmK: (5.13)

Xm;I

This constraint is generally referred to as total variations regularization and has been

used in image processing (Rudin et al., 1992)

5.4 Results

This section presents two di erent examples of inversion algorithm performance. The

rst case shows how the inversion methods work on reversing the linear process of
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the space time ambiguity function, which is equivalent to applying the reconstruction
to the zeroth ACF lag. The second example employs data from SimISR, which was
detailed in Chapter 4. This example will apply the reconstruction algorithms to ACFs
and then apply the non-linear tting to measure the plasma parameters.

For both cases the velocities of the features are assumed to be known. There have
been schemes in the past that have reconstructed the plasma ow velocities using the
Doppler shift in the ISR spectrum, such as in Butler et al. (2010), which similarly lead
to an assumption of stationarity of the plasma parameters in the rest frame of the
moving plasma. The constraint parameters ., were selected by searching a number
of parameter values and taking the minimum mean squared error result. There are

other methods of choosing this parameter such as L-curve analysis (Karl, 2005).

5.4.1 Single Lag Example

The rst example shows the performance of the algorithm on data that has been
created from the linear processing of the space-time ambiguity function, or essentially
the reconstruction of the zeroth ACF lag. The data consists of a two dimensional
phantom with a background chapman function and an enhancement moving through
at 2.5 km/s. The enhancement is shaped as a bump function along the horizontal
axis which peaks at three times the background. The input phantom at t = 0 and
t = 57 can be seen in Figures 5 2a and 5 2b. The result of applying the operator can
be seen in Figure 5 2c and shows the enhancement smeared out across the eld of
view.

The results of the di erent algorithms can be seen in Figure 5 3. Using a simple
Tikhonov constraint on the energy of the function, the reconstruction, seen in Figure
5 3a, shows a number of artifacts. The behavior of this algorithm is to reduce the
power from areas that are not passed through the imaging process, and thus he results

trace a beam pattern in the reconstruction. The reconstruction using an I?-norm



84

Figure 5 2: a) The Input phantom at 0 seconds. b) The input phan-
tom at 57 seconds. c) The average of the moving phantom with the
ambiguity applied.

constraint on the derivative operator, seen in Figure 5 3b, shows good correspondence
with the input phantom although there is some carving out of the electron density
near the enhancement. Lastly the reconstruction using a reconstruction using the I*-
norm constraint on the derivative operator, or total variations is shown in Figure 5 3c.
This reconstruction has a \blocky" appearance as is the common trait of these sorts of
reconstructions due to the tendency of the I*-norm constraint to return solutions that
are sparse with respect to the constraint function, in this case the spatial gradient of
the zeroth lag of the ACF. This can be expected for total variations as has been very

popular in use of reconstructing high contrast images (Karl, 2005).

5.4.2 Full Fitting Example

In order to test the the results of the inversion method, a set of plasma parameters
are used from Perry et al. (2015) which show an auroral arc moving through the eld

of view at 200 m/s. The background plasma parameter values can be seen in Figure
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Figure 5 3: Results using the data in Figure 5 2c to reconstruct the
the 0" lag: a) Using Equation 5.11, Tikhonov constraint on Xu. b)
Using Equation 5.12, Tikhonov constraint on DXx.,. ¢) Using Equation
5.13, Total Variations constraint.

54. The eld aligned current (FAC), which drives the arc, creates enhancements
in electron density, electron and ion temperature. Also of importance is the plasma
cavity which is co-located with the ion temperature enhancement and slightly ahead
of the electron density enhancement. Perturbation features can be seen in Figure 5 5,
and using the same parameters 45 seconds later as the arc travels through the eld
of view yields Figure 5 6.

The results using standard tting, and then linearly interpolating the results, can
be seen in Figure 5 7 with associated expected errors in Figure 5 8. The enhancements
in T; and T, are visible although noisy. Also the depletion in N is visible although
this can be tied to the geometry of the beam pattern. The values seen in these
patterns are also much larger then most of the errors seen in Figure 5 8 so there is
some con dence in these ts.

The results of using the inversion algorithms can be seen in Figure 5 9, Figure 5 11
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Figure 5 4: Background ionospheric parameters (Ng, Te, T;) along
with number density of ion species, used for simulations.

and Figure 513. The value for the term for each type of inversion the algorithm
is chosen by running the algorithms and taking the value that yields lowest mean
squared error between the inverted lag and the original input ACF as in the previous
section.

The case using Tikhonov regularization where the I12-norm of X, is constrained
is shown in Figure 59. An example ACF comparing the reconstruction to the input
ACF and the estimated ACF using standard processing is shown in Figure 5 10. This
speci c case shows an inability of the constraint to |l in data that may be lost due to
the speci ¢ beam position. This can also be seen in the ACF example as this reduced
the amplitude of the ACF.

The image in Figure 5 11 is the result of using Tikhonov regularization on the
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Figure 55: Perturbations to Figure 54 due to an imposed current
system of .875 A/m? at t = 960 s, auroral arc.

Figure 5 6: Perturbations to Figure 54 due to an imposed current
system of .875 A/m? at t = 1005 s, auroral arc.

spatial gradient of each lag of the ACF. This leads to an apparent smoothing of the
plasma parameters but many of the important features in this simulation, such as the
depletion in N and enhancements in T, and T; are visible and more obvious than in

Figure 57. An example ACF comparing the reconstruction to the input ACF and
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Figure 5 7: Fitted Plasma Parameters at t = 960 s with 60 second
integration.

Figure 5 8: Estimated errors from tted Plasma Parameters at t =
960 s with 60 second integration.

the estimated ACF using standard processing is shown in Figure 5 12. The example
reconstructed ACF does show more deviations from the input in the real part but at
the higher lags it more closely resembles the true ACF. The imaginary part though,

is much closer to the real ACF as this possibly reduced and random Doppler shifts.
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Figure 5 9: Fitted Plasma Parameters at t = 960 s inverting lags with
Equation 5.11, Tikhonov constraint on Xq.

Figure 510: Example ACF at time t = 960 s and location
r = [0 km;250 km]" with reconstructing lags using Equation 5.11,
Tikhonov constraint on Xp,.

Lastly for this case the result of the inversion using the total variations constraint
is shown in Figure 5 13. This inversion method shows the features discussed earlier
but they take on a\blocky" look, as was seen in the zeroth lag case. An example
ACF comparing the reconstruction to the input ACF and the estimated ACF using
standard processing is shown in Figure 5 14. This shows similar behavior to the

reconstruction ACF in Figure 5 12, although the imaginary part of the ACF is much
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Figure 5 11: Fitted Plasma Parameters at t = 960 s inverting lags
with Equation 5.12, Tikhonov constraint on DX..

Figure 512: Example ACF at time t = 960 s and location
r = [0 km;250 km]™ with reconstructing lags using Equation 5.11,
Tikhonov constraint on DXp.).

closer to the true value of zero.
5.5 Summary

This chapter has discussed a method for reconstructing plasma parameters from ESA

ISR measurements in the frame of reference of the moving plasma. The space-time
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Figure 5 13: Fitted Plasma Parameters at t = 960 s inverting lags
with Equation 5.13, Total Variations constraint.

Figure 514: Example ACF at time t = 960 s and locationr =

[0 km; 250 km]" reconstructing lags using Equation 5.13, Total Vari-
ations constraint.

ambiguity, described in Chapter 3, straightforwardly allows for this. Currently a
number of simplifying assumptions are made to get a basic reconstruction. The
initial results are promising although more work needs to be done to improve this

method and determine its limits as more and more realistic aspects are added.
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Chapter 6

Conclusions and Future Work

This chapter contains conclusions, discussions and a summary of this dissertation.
Part of the discussions outline future work from the results of the thesis.

This thesis outlined some of the basic theory behind ISR. It then followed with
modeling of the space-time ambiguity function which gives a forward model for ISR
systems with electronically scanned arrays. A methodology to simulate complex volt-
age data for ISR was shown and is available as a software package called SimISR.
Lastly, using the Space-Time Ambiguity, a method to invert ISR data within the
frame of reference of moving plasma and improve the resolution of the data has
been developed. The inversion method was tested using SimISR and a set of two-
dimensional ionosphere plasma state parameters as a set of truth data to evaluate

the reconstruction method.

6.1 Space-Time Ambiguity Function

The Space-Time Ambiguity function, discussed in detail in Chapter 3, gives a theo-
retical framework for the optimal analysis of volumetric data acquired from electron-
ically steerable ISR systems. The framework developed here takes into account the
full antenna beam pattern, pulse pattern and time integration.

The need for this new framework was shown in Section 3.1, which highlights the
sampling paradigm change brought on by ESA systems used in ISR. Due to the

ability of ESA systems to have near instantaneous look angle transitions, a lattice
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like sampling network develops and assists in decoupling space and time sampling for
these systems.

The Space-Time Ambiguity was derived in Section 3.2. This is an extension of
the range ambiguity in traditional single beam ISR processing, taking beam pattern
and integration time into account. The impact of this ambiguity can be modeled as a
Fredholm integral equation of the rst kind applied to the ACFs, thus bringing this
in line with many similar problems from image formation and processing.

This ambiguity can be extended and augmented to take into account the inherent
motion of the plasma. Section 3.3 shows how a Galilean Transform can be used to
understand possible motion induced artifacts can be explained. The impact of motion
of plasma on the ambiguity was shown through an example beam pattern.

The chapter concluded with an example from the RISR system to show how this
could impact data analysis. A possible physical feature, much smaller than that
shown in the radar reconstruction, was shown, after applying the e ects of the space-
time ambiguity, to be recreate a qualitatively similar formation seen in original real

data.

6.2 SImISR

The ISR measurement process from an ESA equipped system can be di cult to
understand from a purely analytic formulation. Because of this, a simulation tool,
called SimISR, was developed and discussed in Chapter 4. This tool encapsulates
the full ISR measurement process, incorporating ESA radar capabilities and the full
radar space-time ambiguity along with inherent ISR error sources.

The methodology for the creation of complex voltage level data can be broken
down into a number of digital signal processing functions. The described approach

creates shaped complex Gaussian data using AR Iters derived from the ISR spectra,
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windowed by the pulse shape and summed together within each beam.

Possible uses for SimISR in the research community have also been discussed and
examples have been shown. These examples show how one can use the simulator to
create large statistical data sets and also to more optimally design ionospheric radar
experiments in the ISR space within the inherently large number of free parameters
a orded by the radar control parameters. Researchers can use SimISR to iterate
through di erent set ups for their experiments, as opposed to a heuristic selection of

a single observational approach where prior use is the sole design factor.

6.3 Inversion of ISR Data

Finally, using the theoretical and simulation infrastructure developed in the earlier
chapters, an inversion framework was developed in Chapter 5. This framework relies
on reconstructing the ACFs by nding a regularized solution that has least squares
error between it and the data. This has been seen in the past in the image recon-
struction literature (Karl, 2005).

The process of estimating the ionosphere plasma state parameters by ISR can be
represented as a set of linear and non-linear operators. These operations include the
non-linear transformation of plasma parameters to and from ACFs and the Space-
Time Ambiguity function covered in earlier chapters. In order to use techniques seen
in image reconstruction, the ACF is discretized along space-time and lag and placed
in a single vector. From there the space-time ambiguity function can be represented
as a matrix that translates the lags from a Cartesian coordinate space to a radar
centered spherical coordinate space.

The matrix for the forward model can be further augmented to take into account
the motion of the plasma, allowing for the reconstruction the state parameters in the

frame of reference of the plasma. This problem has many similarities to the removal
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of motion blur in images.

With the problem formulated, di erent constraints were used on the inversion.
These constraints include 12-norm constraints on the solution, the derivative of the
solution and nally an I*-norm constraint of the derivative. Using a simpler phantom
the I1?-norm constraint on the derivative showed promising results comparatively to
the others. This also holds true for the case using an example set of ionosphere state
parameters from Perry et al. (2015) as an input for SimISR. The limit of this study is
obvious in that there are a number of di erent types of distributions that are possible
for ionosphere state parameters and that we have looked only at a small variety.
Also, parametric estimation techniques can be explored in the future to improve the

reconstructions.

6.4 Future Research Directions

There are a number of di erent areas of research that can be explored from the content
of this thesis. Among these are use of developed simulation tools and improvements

in the inversion techniques.

6.4.1 Further Development of SimISR

In the future, SImISR development can continue by adding new radar waveform
modes, as currently only Barker code and uncoded single pulse modulations are avail-
able at this time. The simulator can also be used to create synthetic data for tradi-
tional single antenna based system design applications. Other possible expansions of
the simulator include capability to calculate returns from each receiver element in a
ESA based ISR system, such as the planned architecture of EISCAT-3D, along with
multi-static radar capabilities. These future additions will increase the simulator’s

value to designers who wish to more optimally exploit the capabilities of new systems.
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6.4.2 Experiment Planning Using SimISR

A more immediate application of the SimISR tool can aid researchers in experiment
planning. There are a number of phenomena that change on very small spatio-
temporal scales, e.g. at high latitudes, and capturing observations of them would
greatly bene t from optimization of the experiment set up.

The ability of SimISR to directly create complex receiver voltage data provides a
signi cant and novel capability, as some geophysical phenomena, such as those that
occur at time scales on the order of an IPP, can only be fully explored at this data
level. This could lead to researchers coming up with new ways to analyze data, such
as novel integration schemes to resolve phenomena at small spatio-temporal scales.

One phenomena that could be better studied using this type of simulation is called
pulsating aurora. This ickering of auroral light, along time scales of 5-40 seconds,
corresponds to changing ionosphere state parameters caused by precipitating electrons
(Nishimura et al., 2011). The phenomena can take an arc like shape and extend over
hundreds of kilometers (Hosokawa et al., 2010). The short modulation period along
with the large range extent make this a challenging target to image with an ESA ISR.
Researchers can use SimISR to run a number of case studies to determine possible
beam and pulse patterns to sample the parameter modulation. Also, researchers
can use software developed for SimISR to process the data in di erent ways such as
summing the returns from di erent beams and range samples together to get a high
time cadence to sample the temporal modulation properly.

Researchers have used ISR as a method to measure electron energy spectra (Seme-
ter and Kamalabadi, 2005). At lower altitudes the electron density measurements can
be used to estimate plasma production rates, and then can be inverted to show the en-
ergy spectra of photons impacting the ionosphere and give remote information about

magnetospheric activity. Using SimISR researchers could perform simulations to de-
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termine the limits of these techniques and plan experiments where they can be used
to great a ect.
Multi-sensor campaigns can gain much from SimISR’s capability to assist in plan-
ning. Many researchers perform rocket campaigns and use ISR systems to help con-
rm their measurements (Zettergren et al., 2014). The same can be said for satellite
measurements as well such as the ANDESITE program (Parham et al., 2016).
Another exciting development in the geoscience community is future use of the
High Frequency Active Auroral Research Program (HAARP) facilities (Bernhardt
et al., 2016) along with a possible co-located AMISR system. Again, SImISR can

assist with experiment planning and data analysis from these future experiments.

6.4.3 Training Sets for Parameter Fits

The non-linear inversion step between ACFs and plasma state parameters has a num-
ber of built in assumptions, one of the most common is that plasma is Maxwellian
distributed. Various physical processes can cause this assumption to be broken which
can lead to incorrect parameter ts (St-Maurice and Schunk, 1979; Suvanto, 1988;
Akbari et al., 2015). Events that cause this can be hard to nd so machine learning
techniques could be useful in  nding these events within ISR databases (Duda et al.,
2000). Many of these algorithms require training data sets, which could be a labor
intensive and tedious task. SimISR could be used to make these sets for subsequent
entry into di erent pattern matching algorithms to ultimately help catalog incorrectly

tted data.

6.4.4 Inversion Techniques

There are a number of di erent improvements that can be done for the inversion
methods highlighted in this thesis. Currently the techniques have only been applied

to two dimensional distributions of plasma state parameters. Extention to three
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dimensional distributions is possible but may require more software development to
run on graphics processor units which can perform large numbers of parallel processes.
The inversion techniques could also be applied to real ISR data using techniques
outlined in Butler et al. (2010) to rst estimate the parameter drifts and then invert
within the frame of reference of the motion.

Estimation of the ACFs could also be improved by investigating the literature
studying time-varying channels and overspread targets (Kailath, 1962, 1963; Pfander
and Walnut, 2006; Pfander and Zheltov, 2015). A deeper investigation of this can
yield a better understanding of the processing and its limitations using time-frequency
analysis (Cohen, 1995; Peyrin and Prost, 1986; Jiang and Papandreou-Suppappola,
2007). From a practical point of view there have already been a number of algorithms
that have already been proposed to estimate ACFs from overspread targets (Pfander
and Zheltov, 2015; Jiang and Papandreou-Suppappola, 2007). One example seen in
Kay and Doyle (2003) can yield an estimation algorithms similar to those seen in
synthetic aperture radar and modalities that use similar models to invert a scattering

eld (Munson et al., 1983; Ralston et al., 2007; Richards, 2014). Another aspect of this
that could be investigated is the use of spherical harmonics for di erent interpolation
schemes (Baddour, 2010, 2009, 2012).

Parametric techniques for inverting directly to plasma state parameters need to
be investigated. There are a number of di erent schemes including those that use
dynamic programing that could be useful (Yau and Bresler, 1992, 1993; Oktem et al.,
2014). New algorithms for parameter tting also need to be investigated and incorpo-
rated as well (Shpynev and Voronov, 2010). This could be used to extend Full Pro le
Analysis, seen in Holt et al. (1992); Hysell et al. (2008), to what could be called Full

Volume Analysis to measure plasma parameters.
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6.4.5 Sensor Data Fusion

Other types of sensors can be useful to understand the ionosphere, be it optical
sensors such as all sky imagers or GPS TEC measurements. Even combining satellite
magnetometer data from the AMPERE project (Anderson et al., 2000, 2014) with
green line emission all sky data can yield a number of interesting results. Figure 6 1
shows very large structured magnetic eld de ections at the time of a large increase
in auroral emissions. This example shows the possibilities of using this type of fusion
products to better understand the state of energy ux within magnetosphere and

ionosphere.

Figure 6 1. Combination of AMPERE magnetic de ection data and
All Sky green line emissions.

These types of sensor fusion experiments can be very useful but can also be time
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consuming. In order to help speed along the process of analysis a software pack-
age, called GeoData was developed. It is available in both the MATLAB (Swoboda
et al., 2016a) and Python (Swoboda et al., 2016b) programing languages. This soft-
ware package abstracts each data set into a standard object format to increase the
reusability of code across di erent research tasks. This package was built to allow
data from multiple sensors to be quickly registered, analyzed and plotted. This type of
advanced programing interface (API) allows for greater software reuse by abstracting
sensor data to a common format. GeoData and other pieces of software are described
in more detail in Appendix C.

Sensor fusion techniques can go a step further and be directly involved in the
reconstruction of plasma parameters such as shown in Semeter et al. (2016). For
example, information added by the GPS TEC measurements can be incorporated in
algorithms that use the Space-Time Ambiguity formulation. This could help improve

reconstruction of all of the ISR systems’ plasma state parameters if implemented

properly.
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Appendix A

lonosphere Incoherent Scatter Spectrum

This is the mathematical basis for calculating incoherent scatter spectra for a given
set of ionospheric plasma state parameters such as electron density (N.), electron tem-
perature (T.), and ion temperature (T;). The appendix uses the methods developed

Kudeki and Milla (2011) and Kudeki and Milla (2006).

A.1 Overall Formulation

Figure A 1: Lumped circuit model from (Kudeki and Milla, 2011).

The rst step comes from (Kudeki and Milla, 2011) where a lumped circuit model
is used to describe the spectrum. In it the independent thermal uctuations of each
species of ions and electrons are treated as current sources and the macroscopic con-
ductances are treated as discrete components. The electric eld E, impinging from
the radar, acts as a voltage. This lumped circuit model, seen in Figure A 1, is derived

by taking the scalar component of Ampere’s law in the direction of k.

jk H=J+j1 ,E (A.1)
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which then yields,
! .
0=(i+ JE+ Ee(nti Nee) +J 1 oE; (A.2)

where ¢ IS vacuum permittivity, ny is the thermally driven, i.e random, density

uctuations for each species s, and ¢ is the macroscopic conductivity from deviations
from particle motions for each species s.

Using the electron current expression, 'k len, = E . 'k leny, these equa-

tions can be rearranged to solve for ne,

GY o+ Dne(ks?) . en(ki?)

ne(k; 1) = — _ :
o JVo+ ot JV o+ e+

(A.3)

To determine the power spectrum we square and average Equation A.3 taking into
account that the terms n¢ and ny are independent of one and other we result in the
following

il i2hi C1Yi2i 0 i2hine (ke 1)i2i
hine(k: Dj2i = 3ot il hjnte(k,_z-)J ) elhina(k -)J_Zl:
o+ e+ i o+ e+ i

(A4)

We can generalize them for multiple ion species by simply summing over the
thermal uctuations and conductances in Equation A.2,

x , X
0= ikt o E+ ke Nik N +J1 oE: (A.5)
K K

This then augments the power spectrum in Equation A.4 to the following

L. P 2
i+ TR Phinete D dd? N D)

hine(k; 1)j%i = P : P (A§)
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A.2 Gordeyev Integrals

The power spectrum of the thermal uctuation for each species s can be determined

by the following,

hine (k; 1)j%i

N = 2RefJs(1s)g; (A7)

where Ng is the average density for the species. Also the conductance for each species

s can be determine from the following,

s(k; 1) — 1 jrJs(ts)
i'o k2 2

(A.8)

a
where I 1k Vg is the Doppler shifted frequency and %qgs is the Debye
length for each species.
The Jg terms can be represented as follows
AR
Js(1) helk Tsigl! d (A.9)
0

These terms are known as Gordeyev integrals, which are the one sided Fourier trans-
forms of the characteristic functions of the particle displacements hel¥ 'si.

The particle displacement function can change depending on magnetic eld and
collisionality of the plasma. For the high latitude F-region in the ionosphere a case
of general importance is one of a non-magnetized and collisionless plasma, where

r = v where is the time interval. Assuming a Maxwellian the PDF of one

dimensional displacement is

2

f( )= pr_emi: (A.10)
2 hr2j
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The variance term hr?i can be represented as

hr2i = hv2i 2= s 2
Ms

(A.11)

where Ts is the temperature of the species, K is Boltzmann’s constant and mg is the
mass of the species in kg. To simplify notation as in Kudeki and Milla (2011), we will

refer to I:)KTS:mS as C. This yields the following single particle ACF,

helk rj =g 2¥°C* 2 (A.12)

To model collisions we use the term as the collision frequency for the species. If

<< KkC then A.12 can be used as the single particle ACF. If not the following must
be used.

k2c2

helk ri=e <2 ( 1ve ) (A.13)

Lastly if one is to add a magnetic eld to the equations the single particle ACFs
must now take into account the orientation of the magnetic eld. The authors of
Kudeki and Milla (2011) use the convention of breaking up the Bragg vector k into
two components, one parallel to the magnetic eld, k¢ and one perpendicular,k-, as

such, k = Bk, +pk-. This yields the following formulation for the single particle ACF,

helk i = o 1k2c? 2 . 2k%c? sin?( :2); (A.14)
where the gyro frequency is = gB=m and B is the magnetic eld in Teslas. This

formulation neglects the e ects of collisions which if taken into account yields the

following single particle ACF,

202
ka

2 o2
helk fi=e —2 ( 1+e ) e %(COS(Z )+ e cos( 2 )); (A.15)




105

where = tan !( ). For the case with the magnetic eld as one gets closer to
being perpendicular to B; the single particle ACFs become much more narrow band,
to the point of becoming delta functions in frequency space. For this situation it
IS necessary to use other methods beyond numerical integration to determine the
Gordeyev integrals. The authors of Milla and Kudeki (2011) avoid this problem by

making a particle in cell simulation to determine the particle statistics.

A.3 Computational Considerations

One of the main challenges to calculating the ISR spectra is calculating the Gordeyev
integrals. The case with no collisions or magnetic elds can be done analytically using

Dawsons integral. This can be done using the identity

yal . b yi
jZ()= elte Tdt=" e * j2o ° e¥dt (A.16)

0 0
Using the terms found in Equation A.12, = 1= IDikc and t = |oﬁkC :

For other cases where analytical calculation is not possible a numerical integration
scheme from Ooi (2007) is used. It is also possible to use a Chirp-z based algorithm
that is shown in Li et al. (1991) from the experiences of the author the rst technique
converges faster. The technique used in Ooi (2007) changes the variable of integration
for integrals of the following form,

/b
1= f(2)dz: (A.17)

a

The technique changes the variable z in the following way,

= %(a +b) + %(b a)Erf(g(t)); (A.18)
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where g(t) is a function that is chosensog(t) ¥ 1 ast ¥ 1 and Erf(u) is

Zu
Erf(u) = pzz e Ydt: (A.19)
0

Discretizing and changing variables, the integral in Equation A.17 becomes the fol-
lowing sum
X 1 1
| = A.f E(a +Dh) + i(b a)Erf(g(nh)) (A.20)

n= N

where

A, = g'(nh)e 9N (A.21)

As in (Ooi, 2007), g(nh) = sinh(nh) and the grid spacing h is the following,

= %In(l:OSpEN): (A.22)

Lastly to avoid division by zero errors, the main equations have to be rearranged
slightly. First, because some ion species could have zero density, Equation A.8 uses

the Debye length of the electron species, ., as follows

s(k; 1) _ 1 j1Js(Ys) 0sTeNs
j! 0 k2 5 qusNe

(A.23)

Also, to avoid excess calculations, the j! 4. terms of Equation A.6 are rearranged,

yeilding
P 2 . 2 P L2
. Lo L hine( DR TS K i (k; 1)
hine(k; 1171 = P 2 + P 2 o (A24)
1+—e+j!k0 ik 1+ e+j!k0 ik

If the Gordeyev integrals are substituted in Equation A.24, it becomes the following
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Pi 1 jrag i
1+ k Jkg 2(-3) gz$zmz ZNeRefJe(!e)g

hine(k; 1)ii = +

l + 1 jlede(te) + PK 1 j¥sJs('s) gsTeNs
k2 2 s k2 2 deTsNe

e (A.25)
Jl;g—é(-e) S 2NsRefJs(1s)g

0 4 FTK1jtde(ta) gsTeNs
k2 2 s k2 2 Qe TsNe

1 + 1 j!eJe(!

A.4 Examples

We can see in Figure A 2 examples of ISR spectra measured using di erent ISR
systems. The spectra were generated using the plasma parameters values N =
1 10" m 3 T.=3000 K and T; =3000 K and the system parameter values seen
in Table A.1. The ion acoustic frequency, fi,, for each case was calculated with the
previously stated plasma parameters and the transmitted wavelength from the ISR

system, , using the following formula

—
KoTe + Ko iTi

fa=5 — (A.26)

where M is the ion mass in kg, k, is Boltzmann’s constant and ; is the adiabatic
index which is set to 3 in all cases. In most of the cases the familiar double hump
spectrum is visible. The only exception to this is Jicamarca, where the system’s k-
vector is very close to being perpendicular to the Earth’s magnetic eld. This also
impacts the amount of time it takes to calculate the spectrum because as the k-vector
gets closer to being perpendicular to the magnetic eld, the Gordeyev integral will

take longer to converge.
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Figure A 2: Spectra from di erent ISR systems.

Table A.1: ISR System Parameters
System Name f, in MHz f5 in kHz in

AMISR 449 50 70
Sondrestrom 1290 100 80
Haystack 440 50 65
Arecibo 430 50 45

Jicamarca 50 10 1
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Appendix B

Derivation of lIdealized AMISR Array
Pattern

The current antenna on the AMISR systems is made up of a 8x16 set of panels
of half wave cross dipoles. Each panel has 32 crossed dipoles in a 8x4 hexagonal
con guration. In the current set up at the Poker Flat site this yields a 4096 element
array in a 64x64 element hexagonal con guration.

In order to simplify the antenna can be treated as two rectangular arrays of cross
dipoles interleaved together. In the x direction each of these arrays will have a spacing
of 2dx with M=2 elements. The y direction will be of length N elements and spacing
dy. Using basic planar phase array theory, (Balanis, 2005), the pattern from the rst

array can be represented as

M 3
Ei(; )= exp[ J(m 1)k2dysin cos J(n  1)kdysin sin ]: (B.1)
m=1n=1

Since the second array can be seen as a shifted version of the rst in the x and y

directions, we obtain the following

M2 3
Ex(; )= exp[ Jj(@m 1)kdysin cos
m=1n=1 (B.Z)

J(n 1=2)kdysin sin [
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In order to simplify notation we make the following substitutions, s =
kdysin cos , y = kdysin sin . Using Equations B.1 and B.2 we then ob-

tain

E2(; )=expl( y=2+ )IEi(; )

M2 I (B.3)
=exp[j( y=2+ )] exp[ j2(m 1) x j(n 1) yI:

m=1n=1

Adding E; and E, together we obtain a linear array pattern:

@ 3¢

E(; )=Q@+exp[i( y=2+ )] exp[ j2(m 1) x j(n 1) I
m=1n=1

(1 +epli( y=2+ ) S IS .

1
MN

(B.4)

Since the array is steerable, this can be taken into account in the equations by
simply changing the de nitions of , and  to , = kdx(sin cos sin 5COS ),
and y = kdy(sin sin sin ssin ). Lastly the antenna pattern of a single cross
dipole can be represented as %(1 + cos?( )) (Balanis, 2005). By taking the squared
magnitude of the array factor and multiplying it with the pattern of the dipole we

obtain Equation 3.11,

Fsi s 1 )=5(L+cos( )

sin((M=2) ) sin(N=2) ) 2, &)

1 H —_
MN (I+expli( y=2+ )] Sin( ) sin( =2
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Appendix C

Software Packages

This appendix covers the software architecture of three software packages that have
been created during the course of research for this thesis. The rst package, ISR-
Spectrum, creates the IS backscatter spectra from a given set of ionospheric plasma
state parameters. The next package, called Simulation for Incoherent Scatter Radar
(SimISR), can create synthetic ISR data at the level of complex voltages sampled
at the antenna. The last major package is called GeoData and is an advanced pro-
graming interface (API) that allows researchers to quickly import and incorporate
new sensor and information sources. Included are a number of functions to register,

interpolate, plot and analyze this data.

C.1 ISRSpectrum

The ISR spectrum code base was developed to create the backscatter spectra from the
ionosphere given a set of plasma state parameters. The code is based on the work of
Kudeki and Milla (2011), which has been discussed in Appendix A along with added
formulations for multiple ion species.

The software is built using a simple class set up where rst the user initializes
an object called ISRSpectrum using the parameters for the ISR system. After the
initial de nition a spectrum can be created with the method getspecsep, which takes
information on the ion species, temperatures, densities. There are optional inputs for

magnetic eld aspect angle, ion velocities and neutral species to calculate collision
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frequencies using the methods found in Schunk and Nagy (2004).

C.2 SimISR

SimISR was developed to create synthetic data that one could use to create di erent
processing algorithms and methods while having a known input or "truth” data.
This simulator takes plasma elds of plasma parameters, create complex voltages
from these parameters and then process that data to the point where it can estimate
the input plasma parameters.

The need to create a full 3-dimensional software package was necessitated by the
desire to explore the utility of new phased array radar systems and their ability to
measure 3-D elds of plasma parameters. This desire to understand the measurement
capabilities of electronically scanned ISR led to the following publication, Swoboda
et al. (2015) where this software package was used to create reconstructions of 3-D

elds of plasma parameters.

The software itself has been developed in such a way that the code mirrors the
processing, i.e. through the structure of the classes. An object oriented paradigm is
used and thus di erent processes in the processing chain are broken up into di erent

classes, which are:

lonoContainer - A container class that holds information on the ionosphere or

autocorrelation functions ACFs/spectra, both intrinsic and estimated.

RadarDataFile - A class that holds and operates on the radar data to create
estimates of the autocorrelation function. The class takes les containing ISR
spectra and then creates ISR data and as a nal step outputs instances of the

lonoContainer class that holds estimates of the plasma ACF.

FitterMethodsGen - A class that applies the tter to the data and outputs an
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instance of lonoContainer with the measured parameters.

The overall ow can be seen in Figure C 1, where is the plasma parameter
vector g( ) is a function that turns the plasma parameters into ISR spectra, r is the
ACFs/spectra for each point of time and space, Lr is the radar’s operator on the
ACFs/spectra, is the measured ACFs from the radar and lastly " is the estimate

of plasma parameters from after least squares tting.

Figure C 1: Software ow diagram for SimISR

C.3 GeoData

The GeoData project allows researchers to quickly bring in new sets of data from
di erent sources and analyze it. The API, available both in Python and MATLAB,
does this by abstracting the data set into a formatted object which can be manipulated
using methods and function that are already included, thus reducing the amount of

software that needs to be written. The basic object structure is shown in Figure C 2.
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Figure C 2: The makeup of a GeoData object.

The primary variables in a GeoData object are as follows:

Data from Sensor - This holds the data for the data set. In python this is a
dictionary where the keys are the names of the data and the values will be
numpy arrays that hold the data. In MATLAB the eld names are the data
names and the arrays will be the values. Each data set is held in a attened
array structure or can be an NxT array where N is the number of locations of

measurements and T will be the number of times.

Coordinate System - This string holds the types of coordinates for the data.
There is a set number of coordinate types seen in the table below. More can be

added as needed.

Locations - This will be a NxP array of locations in the coordinate system of

choice. P is the number of elements.

Sensor Location - This is an array that holds the location of the sensor in wgs84.
If there are multiple sensors such as a set of satellite measurements the array

will be Illed with nans.

Times - A Tx2 array of times in POSIX format (i.e. seconds since 1970-01-01
00:00:00 UTC) showing the ending and beginning of a measurement.
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Table C.1: Description of Coordinate Systems.

Name Description

wgs84 Latitude Longitude Altitude (deg,deg,m).

Spherical Range azimuth and elevation (km, deg, deg) elevation
angle is referenced to z=0 plane.

Spherical2 Range azimuth and elevation (km, deg, deg) elevation
angle is referenced to x=y=0 line.

ENU East north up (m,m,m). sensorloc holds the origin.

ECEF Earth centered earth xed (m,m,m).

Cartesian Local Cartesian grid (km,km,km). Same as ENU but in
km.

There are also a number of available coordinate systems that can be used as well.
Table C.1 gives the name as used in the code base and a quick description of the
system and units.

The work ow for this package is as follows:

Read In Data - The user creates a function that will read the data le into
the speci ¢ variables for GeoData. Many are already available to the user for

common formats.

Registration - If using multiple data sets overlap times must be determined. A

method named timeregister is available to do this automatically.

Spatial Registration - This step includes interpolating the data sets into common

coordinate systems to allow for plotting.

Plotting - There are a number of di erent plotting tools available including 1-D,
2-D and 3-D plotting methods. These methods are dependent on the coordinate

systems that the data are in.



References

Akbari, H., Guio, P., Hirsch, M. A., and Semeter, J. L. (2016). Zakharov simulations
of beam-induced turbulence in the auroral ionosphere. Journal of Geophysical
Research: Space Physics, 121:4811{4825.

Akbari, H., Semeter, J. L., Dahlgren, H., Diaz, M., Zettergren, M., Str mme, A,,
Nicolls, M. J., and Heinselman, C. (2012). Anomalous isr echoes preceding auroral
breakup: Evidence for strong langmuir turbulence. Geophysical Research Letters,
39(3). L03102.

Akbari, H., Semeter, J. L., Hirsch, M. A., Guio, P., and Nicolls, M. J. (2015). Ev-
idence for generation of unstable suprathermal electron population in the auroral
Fregion. Geophysical Research Letters, 42(2):185{192.

Anderson, B. J., Korth, H., Waters, C. L., Green, D. L., Merkin, V. G., Barnes,
R. J., and Dyrud, L. P. (2014). Development of large-scale Birkeland currents de-
termined from the Active Magnetosphere and Planetary Electrodynamics Response
Experiment. Geophysical Research Letters, 41(9):3017{3025.

Anderson, B. J., Takahashi, K., and Toth, B. A. (2000). Sensing global birkeland cur-
rents with iridium engineering magnetometer data. Geophysical Research Letters,
7:4045{4048.

Baddour, N. (2009). Operational and convolution properties of two-dimensional
Fourier transforms in polar coordinates. Journal of the Optical Society of America
A, 26(8):1767{11.

Baddour, N. (2010). Operational and convolution properties of three-dimensional
fourier transforms in spherical polar coordinates. Journal of the Optical Society of
America. A, Optics, Image Science, and Vision, 27(10):2144{2155.

Baddour, N. (2012). Multidimensional Wave Field Signal Theory: Transfer Function
Relationships. Mathematical Problems in Engineering, 2012(2):1{27.

Balanis, C. A. (2005). Antenna Theory: Analysis and Design. Wiley-Interscience.

Bernhardt, P. A., Siefring, C. L., Briczinski, S. J., McCarrick, M., and Michell, R. G.
(2016). Large ionospheric disturbances produced by the HAARP HF facility.
Radio Science, 51(7):1081{1093.

116



117

Blelly, P.-L., Alcayde, D., and van Eyken, A. P. (2010). A new analysis method for
determining polar ionosphere and upper atmosphere characteristics from esr data:
Illustration with ipy period. Journal of Geophysical Research: Space Physics,
115(A9). A09322.

Butler, T. W. (2013). Spatial statistics and analysis of Earth’s ionosphere. PhD
thesis, Boston University.

Butler, T. W., Semeter, J., Heinselman, C. J., and Nicolls, M. J. (2010). Imaging
f region drifts using monostatic phased-array incoherent scatter radar. Radio
Science, 45(5):RS5013.

Campbell, B. (2002). Radar Remote Sensing of Planetary Surfaces. Cambridge
University Press.

Chen, F. (1984). Introduction to Plasma Physics and Controlled Fusion. Number v.
1 in Introduction to Plasma Physics and Controlled Fusion. Springer.

Cohen, L. (1995). Time Frequency Analysis. Prentice Hall.

Cran-McGreehin, A. P., Wright, A. N., and Hood, A. W. (2007). lonospheric de-
pletion in auroral downward currents. Journal of Geophysical Research: Space
Physics, 112(A10). A10309.

Dahlgren, H., Perry, G. W., Semeter, J. L., St. Maurice, J. P., Hosokawa, K., Nicolls,
M. J., Gre en, M., Shiokawa, K., and Heinselman, C. (2012a). Space-time variabil-
ity of polar cap patches: Direct evidence for internal plasma structuring. Journal
of Geophysical Research: Space Physics, 117(A9). A09312.

Dahlgren, H., Semeter, J. L., Hosokawa, K., Nicolls, M. J., Butler, T. W., Johnsen,
M. G., Shiokawa, K., and Heinselman, C. (2012b). Direct three-dimensional imag-
ing of polar ionospheric structures with the resolute bay incoherent scatter radar.
Geophysical Research Letters, 39(5). L05104.

Dahlgren, H., Semeter, J. L., Marshall, R. A., and Zettergren, M. (2013). The optical
manifestation of dispersive eld-aligned bursts in auroral breakup arcs. Journal of
Geophysical Research: Space Physics, 118(7):4572{4582.

Damiano, P. A. and Wright, A. N. (2005). Two-dimensional hybrid mhd-kinetic
electron simulations of an alfven wave pulse. Journal of Geophysical Research:
Space Physics, 110(A1). A01201.

Diamond, S. and Boyd, S. (2016). Cvxpy: A python embedded modeling language
for convex optimization. Journal of Machine Learning Research, 17(83):1{5.



118

Diaz, M. A., Semeter, J. L., Oppenheim, M., and Zettergren, M. (2008). Particle-
in-cell simulation of the incoherent scatter radar spectrum. Radio Science, 43(1).
RS1007.

Dougherty, J. P. and Farley, D. T. (1960). A theory of incoherent scattering of
radio waves by a plasma. Proceedings of the Royal Society of London. Series A,
Mathematical and Physical Sciences, 259(1296):79{99.

Dougherty, J. P. and Farley, D. T. (1963). A theory of incoherent scattering of radio
waves by a plasma, 3 scattering in a partly ionized gas. Journal of Geophysical
Research, 68:5473.

Duda, R. O., Hart, P. E., and Stork, D. G. (2000). Pattern Classi cation. Wiley-
Interscience, second edition.

Farley, D. T. (1969). Incoherent scatter correlation function measurements. Radio
Science, 4(10):935{953.

Farley, D. T., Dougherty, J. P., and Barron, D. W. (1961). A theory of incoherent
scattering of radio waves by a plasma ii. scattering in a magnetic eld. Proceedings
of the Royal Society of London. Series A, Mathematical and Physical Sciences,
263(1313):pp. 238{258.

Gavin, H. P. (2013). The levenberg-marquardt method for nonlinear least squares
curve- tting problems. Technical report, Duke University.

Gordon, W. (1958). Incoherent scattering of radio waves by free electrons with
applications to space exploration by radar. Proceedings of the IRE, 46(11):1824{
1829.

Hagfors, T. (1961). Density uctuations in a plasma in a magnetic eld, with appli-
cations to the ionosphere. Journal of Geophysical Research, 66(6):1699{1712.

Holt, J. M., Rhoda, D. A., Tetenbaum, D., and van Eyken, A. P. (1992). Optimal
analysis of incoherent scatter radar data. Radio Science, 27(3):435{447.

Hosokawa, K., Ogawa, Y., Kadokura, A., Miyaoka, H., and Sato, N. (2010). Modula-
tion of ionospheric conductance and electric eld associated with pulsating aurora.
Journal of Geophysical Research: Space Physics, 115(A3). A03201.

Hosokawa, K., Shiokawa, K., Otsuka, Y., Nakajima, A., Ogawa, T., and Kelly, J. D.
(2006). Estimating drift velocity of polar cap patches with all-sky airglow imager
at resolute bay, canada. Geophysical Research Letters, 33(15). L15111.

Hunsucker, R. and Hargreaves, J. (2007). The High-Latitude lonosphere and its
E ects on Radio Propagation. Cambridge Atmospheric and Space Science Series.
Cambridge University Press.



119

Hutchinson, 1. H. (2002). Principles of Plasma Diagnostics:. Cambridge University
Press, second edition.

Hysell, D. L. (2000). Incoherent scatter experiments at Jicamarca using alternating
codes. Radio Science, 35(6):1425{1435.

Hysell, D. L., Rodrigues, F. S., Chau, J. L., and Huba, J. D. (2008). Full pro le
incoherent scatter analysis at jicamarca. Annales Geophysicae, 26(1):59{75.

Jiang, Y. and Papandreou-Suppappola, A. (2007). Discrete time-frequency charac-
terizations of dispersive linear time-varying systems. IEEE Transactions on Signal
Processing, 55(5):2066{2076.

Jiao, Y., Morton, Y. T., Taylor, S., and Pelgrum, W. (2013). Characterization of
high-latitude ionospheric scintillation of GPS signals. Radio Science, 48(6):698{
708.

Kailath, T. (1962). Measurements on time-variant communication channels. IEEE
Transactions on Information Theory, 8(5):229{236.

Kailath, T. (1963). Time-variant communication channels. 1EEE Transactions on
Information Theory, 9(4):233{237.

Kak, A., Slaney, M., in Medicine, I. E., and Society, B. (1988). Principles of Com-
puterized Tomographic Imaging. IEEE Press.

Karl, W. C. (2005). Regularization in Image Restoration and Reconstruction. Else-
vier Inc., second edition.

Kasdin, N. J. (1995). Discrete simulation of colored noise and stochastic processes
and 1/f alpha; power law noise generation. Proceedings of the IEEE, 83(5):802{827.

Kay, S. (1993). Fundamentals of Statistical Signal Processing, Vol. | - Estimation
Theory. Prentice Hall.

Kay, S. M. and Doyle, S. B. (2003). Rapid estimation of the range-doppler scattering
function. IEEE Transactions on Signal Processing, 51(1):255{268.

Kelly, M. C. (2009). The Earth’s lonosphere Plasma Physics and Electrodynamics.
Elsevier, second edition.

Knudsen, D. J., Haerendel, G., Buchert, S., Kelley, M. C., Steen, A., and Brandstrom,
U. (1993). Incoherent scatter radar spectrum distortions from intense auroral
turbulence. Journal of Geophysical Research: Space Physics, 98(A6):9459{9471.

Kudeki, E. and Milla, M. (2006). Incoherent scatter spectrum theory for modes prop-
agating perpendicular to the geomagnetic eld. Journal of Geophysical Research,
111(A6):A06306.



120

Kudeki, E. and Milla, M. (2011). Incoherent scatter spectral theories: Part i: A
general framework and results for small magnetic aspect angles. IEEE Transactions
on Geoscience and Remote Sensing, 49(1):315{328.

Levenberg, K. (1944). A method for the solution of certain non-linear problems in
least squares. Quarterly of Applied Mathematics, 2:164{168.

Li, Y. L., Liu, C. H., and Franke, S. J. (1991). Adaptive evaluation of the Sommerfeld-
type integral using the chirp z-transform. IEEE Transactions on Antennas and
Propagation, 39(12):1788{1791.

Marquardt, D. W. (1963). An algorithm for least-squares estimation of nonlin-
ear parmeters. Journal of the Society for Industrial and Applied Mathematics,
11(2):431{441.

Menke, W. (2012). Geophysical Data Analysis: Discrete Inverse Theory: MATLAB
Edition. International Geophysics. Elsevier Science.

Milla, M. and Kudeki, E. (2011). Incoherent scatter spectral theories-part ii: Mod-
eling the spectrum for modes propagating perpendicular to b. IEEE Transactions
on Geoscience and Remote Sensing, 49(1):329{345.

Munson, D. C., O’Brien, J. D., and Jenkins, W. K. (1983). A tomographic for-
mulation of spotlight-mode synthetic aperture radar. Proceedings of the IEEE,
71(8):917{925.

Nicolls, M. (2013). Isr experiments data reduction and analysis. Presentation.

Nicolls, M. (2015). Space Debris Measurements using the Advanced Modular Incoher-
ent Scatter Radar. In Advanced Maui Optical and Space Surveillance Technologies
Conference, page 87.

Nicolls, M. J., Cosgrove, R., and Bahcivan, H. (2014). Estimating the vector electric
eld using monostatic, multibeam incoherent scatter radar measurements. Radio
Science, 49(11):1124{1139.

Nicolls, M. J. and Heinselman, C. J. (2007). Three-dimensional measurements of
traveling ionospheric disturbances with the Poker Flat Incoherent Scatter Radar.
Geophysical Research Letters. L21104.

Nikoukar, R., Kamalabadi, F., Kudeki, E., and Sulzer, M. (2008). An e cient near-
optimal approach to incoherent scatter radar parameter estimation. Radio Science,
43(5). RS5007.



121

Nishimura, Y., Bortnik, J., Li, W., Thorne, R. M., Chen, L., Lyons, L. R., An-
gelopoulos, V., Mende, S. B., Bonnell, J., Le Contel, O., Cully, C., Ergun, R,,
and Auster, U. (2011). Multievent study of the correlation between pulsating au-
rora and whistler mode chorus emissions. Journal of Geophysical Research: Space
Physics, 116(A11). A11221.

Nordling, J. A., Hedberg, A., Wannberg, G., Leyser, T. B., Derblom, H., Opgenoorth,
H. J., Kopka, H., Kohl, H., Stubbe, P., Rietveld, M. T., and LaHoz, C. (1988). Si-
multaneous bistatic european incoherent scatter uhf, 145-mhz radar and stimulated
electromagnetic emission observations during hf ionospheric modi cation. Radio
Science, 23(5):809{819.

Nygren, T. (1996). Introduction to Incoherent Scatter Measurements. Invers QY,
Finland.

Oktem, F. S., Kamalabadi, F., and Davila, J. M. (2014). A Parametric Estima-
tion Approach to Instantaneous Spectral Imaging. IEEE Transactions on Image
Processing, 23(12):5707{5721.

Ooi, B. L. (2007). Useful integration quadrature for electromagnetics the Erf trans-
form. Microwave and Optical Technology Letters, 49(4):789{791.

Oppenheim, A. V. and Schafer, R. W. (2010). Discrete-Time Signal Processing.
Prentice Hall.

Papoulis, A. and Pillai, S. U. (2002). Probability, Random Variables, and Stochastic
Processes. McGraw-Hill Higher Education, 4 edition.

Parham, J. B., Zosuls, A., Walsh, B., and Semeter, J. (2016). Multi-point measure-
ments of the aurora with a cubesat swarm. In AIAA/USU Conference on Small
Satellites.

Perry, G. W., Dahlgren, H., Nicolls, M. J., Zettergren, M., St Maurice, J. P., Semeter,
J. L., Sundberg, T., Hosokawa, K., Shiokawa, K., and Chen, S. (2015). Spatiotem-
porally resolved electrodynamic properties of a Sun-aligned arc over Resolute Bay.
Journal of Geophysical Research: Space Physics, 120(11):9977{9987.

Peyrin, F. and Prost, R. (1986). A uni ed de nition for the discrete-time, discrete-
frequency, and discrete-time/Frequency Wigner distributions. IEEE Transactions
on Acoustics, Speech and Signal Processing, 34(4):858{867.

Pfander, G. E. and Walnut, D. F. (2006). Measurement of Time-Variant Linear
Channels. IEEE Transactions on Information Theory, 52(11):4808{4820.

Pfander, G. E. and Zheltov, P. (2015). Estimation of Overspread Scattering Func-
tions. IEEE Transactions on Signal Processing, 63(10):2451{2463.



122

Rabiner, L. and Schafer, R. (2010). Theory and Applications of Digital Speech Pro-
cessing. Prentice-Hall signal processing series. Prentice-Hall.

Ralston, T. S., Marks, D. L., Scott Carney, P., and Boppart, S. A. (2007). Interfero-
metric synthetic aperture microscopy. Nature Physics, 3(2):129{134.

Richards, M. (2014). Fundamentals of Radar Signal Processing. McGraw-Hill Edu-
cation, second edition.

Richards, M., Melvin, W., Scheer, J., Scheer, J., and Holm, W. (2014). Principles of
Modern Radar: Radar Applications. Electromagnetics and Radar. Institution of
Engineering and Technology.

Richards, M., Scheer, J., Scheer, J., and Holm, W. (2010). Principles of modern
radar. Number v. 1 in Principles of Modern Radar. SciTech Publishing, Incorpo-
rated.

Richards, M. A. (2005). Fundamentals of Radar Signal Processing. McGraw-Hill.

Rudin, L. 1., Osher, S., and Fatemi, E. (1992). Nonlinear total variation based noise
removal algorithms. Physica D: Nonlinear Phenomena, 60(1-4):259{268.

Scales, J. A. and Gersztenkorn, A. (1988). Robust methods in inverse theory. Inverse
Problems, 4(4):1071.

Schunk, R. and Nagy, A. (2004). lonospheres: Physics, Plasma Physics, and Chem-
istry. Cambridge Atmospheric and Space Science Series. Cambridge University
Press.

Semeter, J., Butler, T., Heinselman, C., Nicolls, M., Kelly, J., and Hampton, D.
(2009). Volumetric imaging of the auroral ionosphere: Initial results from p sr.
Journal of Atmospheric and Solar-Terrestrial Physics, 71:738 { 743.

Semeter, J., Butler, T. W., Zettergren, M., Heinselman, C. J., and Nicolls, M. J.
(2010). Composite imaging of auroral forms and convective ows during a substorm
cycle. Journal of Geophysical Research: Space Physics, 115(A8). A08308.

Semeter, J., Heinselman, C. J., Sivjee, G. G., Frey, H. U., and Bonnell, J. W. (2005).
lonospheric response to wave-accelerated electrons at the poleward auroral bound-
ary. Journal of Geophysical Research, 110(A11):A11310{13.

Semeter, J., Hirsch, M., Lind, F., Coster, A., Erickson, P., and Pankratius, V. (2016).
GNSS-ISR data fusion: General framework with application to the high-latitude
ionosphere. Radio Science, 51(3):118{129.



123

Semeter, J. and Kamalabadi, F. (2005). Determination of primary electron spectra
from incoherent scatter radar measurements of the auroral eregion. Radio Science,
40(2). RS2006.

Semeter, J., Zettergren, M., Diaz, M., and Mende, S. (2008). Wave dispersion and
the discrete aurora: New constraints derived from high-speed imagery. Journal of
Geophysical Research, 113(A12):A12208{12.

She eld, J., Froula, D., Glenzer, S. H., and Neville C. Luhmann, J. (2010). Plasma
Scattering of Electromagnetic Radiation. Academic Press, second edition.

Shiokawa, K., Katoh, Y., Satoh, M., Ejiri, M. K., Ogawa, T., Nakamura, T., Tsuda,
T., and Wiens, R. H. (1999). Development of optical mesosphere thermosphere
imagers (omti). Earth, Planets and Space, 51(7):887{896.

Shiokawa, K., Otsuka, Y., and Ogawa, T. (2009). Propagation characteristics of
nighttime mesospheric and thermospheric waves observed by optical mesosphere
thermosphere imagers at middle and low latitudes. Earth, Planets and Space,
61(4):479{491.

Shor, M. and Levanon, N. (1991). Performances of order statistics cfar. IEEE
Transactions on Aerospace and Electronic Systems, 27(2):214{224.

Shpynev, B. G. and Voronov, A. L. (2010). Discrete direction method in nonlinear
problem of incoherent scattering spectrum tting. Geomagnetism and Aeronomy,
50(7):908{913.

Skolnik, M. (2008). Radar Handbook, Third Edition. Electronics electrical engineer-
ing. McGraw-Hill Education.

Spicher, A., Cameron, T., Grono, E. M., Yakymenko, K. N., Buchert, S. C., Clausen,
L. B. N., Knudsen, D. J., McWilliams, K. A., and Moen, J. I. (2015). Observation
of polar cap patches and calculation of gradient drift instability growth times: A
swarm case study. Geophysical Research Letters, 42(2):201{206. 2014GL062590.

St-Maurice, J.-P. and Schunk, R. (1979). lon velocity distributions in the high-
latitude ionosphere. Reviews of Geophysics, 17(1):99{134.

Sukumar, N., Moran, B., Yu Semenov, A., and Belikov, V. V. (2001). Natural
neighbour Galerkin methods. International Journal for Numerical Methods in
Engineering, 50:1{27.

Suvanto, K. (1988). Incoherent scattering of radar waves from nonthermal f region
plasma: Analytical methods of spectrum synthesis. Radio science, 23(6):989{996.

Swartz, W. E. (1978). Analytic partial derivatives for least-squares tting incoherent
scatter data. Radio Science, 13(3):581{589.



124

Swoboda, J., Hirsch, M., Lee, A., and Semeter, J. (2016a). jswoboda/geodatamatlab:
Isr sim paper.

Swoboda, J., Hirsch, M., Stuhlmacher, A., Starr, G., and Semeter, J. (2016b). jswo-
boda/geodatapython: Isr sim paper.

Swoboda, J., Semeter, J., and Erickson, P. (2015). Space-time ambiguity functions
for electronically scanned isr applications. Radio Science, 50(5):415{430.

Tsunoda, R. T. (1988). High-latitude f region irregularities: A review and synthesis.
Reviews of Geophysics, 26(4):719{760.

Valentic, T., Buonocore, J., Cousins, M., Heinselman, C., Jorgensen, J., Kelly, J.,
Malone, M., Nicolls, M., and Van Eyken, A. (2013). AMISR the advanced modular
incoherent scatter radar. In 2013 IEEE International Symposium on Phased Array
Systems and Technology (ARRAY 2013), pages 659{663. IEEE.

Vierinen, J. (2012). On statistical theory of radar measurements. PhD thesis, Aalto
University.

Virtanen, I. 1., Lehtinen, M. S., Nygren, T., Orispaa, M., and Vierinen (2008). Lag
pro le inversion method for eiscat data analysis. Annales Geophysicae, 26(571-
581).

Vogel, C. R. (2002). Computational Methods for Inverse Problems. Society for
Industrial and Applied Mathematics, Philadelphia, PA, USA.

Woodman, R. F. (1991). A general statistical instrument theory of atmospheric and
ionospheric radars. Journal of Geophysical Research, 96(A5):7911{18.

Yau, S. F. and Bresler, Y. (1992). A compact Cramer-Rao bound expression for
parametric estimation of superimposed signals. IEEE Transactions on Signal Pro-
cessing, 40(5):1226{1230.

Yau, S. F. and Bresler, Y. (1993). Maximum likelihood parameter estimation of
superimposed signals by dynamic programming. IEEE Transactions on Signal
Processing, 41(2):804{820.

Zettergren, M., Lynch, K., Hampton, D., Nicolls, M., Wright, B., Conde, M., Moen,
J., Lessard, M., Miceli, R., and Powell, S. (2014). Auroral ionospheric f region
density cavity formation and evolution: Mica campaign results. Journal of Geo-
physical Research: Space Physics, 119(4):3162{3178.

Zettergren, M. and Semeter, J. (2012). lonospheric plasma transport and loss in auro-
ral downward current regions. Journal of Geophysical Research, 117(A6):A06306.



125

Zettergren, M., Semeter, J., Heinselman, C., and Diaz, M. (2011). Incoherent scat-
ter radar estimation of f region ionospheric composition during frictional heating
events. Journal of Geophysical Research: Space Physics, 116(Al). A01318.

Zettergren, M. D., Semeter, J. L., and Dahlgren, H. (2015). Dynamics of den-
sity cavities generated by frictional heating: Formation, distortion, and instability.
Geophysical Research Letters, 42(23):10,120{10,125. 2015GL066806.



CURRICULUM VITAE

John Swoboda

EDUCATION

PhD, Electrical Engineering, January 2017
GPA 3.90/4.00
Boston University, Boston, MA
Master of ScienceElectrical Engineering, May 2008
GPA 3.71/4.00
Thesis Title: Reconstruction of Tomographic Images Corrupted by a Slice Sensitivity
Pro le With Applications to The Inspection of Manufactured Items
Bachelor of ScienceElectrical & Computer Systems Engineering, May 2007
GPA: 3.74/4.00
Rensselaer Polytechnic Institute, Troy, NY,

RESEARCH
EXPERIENCE

Research Assistant September 2012 - Present
Electrical Engineering Department, Boston University

Performed data fusion and analysis from varied sensor types for geophysical
research.

Created theoretical frame work for incoherent scatter radar data processing.
Developed simulations, algorithms for incoherent scatter radar systems.

Sensor System Engineer January 2009 - August 2012
The MITRE Corporation, Bedford MA

Developed new algorithms for experimental radar systems.
Created full signal processing level emulations and simulations of radar systems.

Research Assistant May 2009 - January 2009
Electrical Engineering Department, Rensselaer Polytechnic Institute

Developed signal processing algorithms applied to image formation radar.

Research Engineering Intern May 2007 - May 2008
Lickenbrock Technologies, Troy NY



127

Developed signal processing algorithms for the deblurring of tomographic im-
ages.

COMPUTER
SKILLS

Languages & SoftwarePython, MATLAB, C, C++, IATEX, Git, Microsoft O ce.
Operating Systems:MacOS, Linux, Windows.

PUBLICATIONS

Swoboda, J., Semeter J., Improvement of Resolution of Incoherent Scatter
Radar Using Electronically Scanned Arrays and Inverse Theory, IEEE Sym-
posium on Phased Array Technology, 2016

Swoboda, J., Semeter J., Erickson, P., Zettergren M., Observability of lono-
spheric Space-Time Structure with ISR: A Simulation Study, (Accepted).

Swoboda, J., J. Semeter, and P. Erickson (2015), Space-time ambiguity func-
tions for electronically scanned ISR applications, Radio Sci., 50, 2015. DOI:
10.1002/2014RS005620

Krishnan, V., Swoboda, J., Yarman, C.E., Yazici, B. , Multistatic Synthetic
Aperture Radar Image Formation, IEEE Transactions on Image Processing ,
vol.19, no.5, pp.1290-1306, May 2010

Swoboda, J., Yarman, C. E., Yazici, B., Bistatic synthetic aperture radar imag-
ing for arbitrary trajectories in the presence of noise and clutter. Proc. SPIE
7307, Airborne Intelligence, Surveillance, Reconnaissance (ISR) Systems and
Applications VI, 73070D April 28, 2009

PRESENTATIONS

Swoboda, J., Hirsch, M.,Semeter, J., GeoData Python Toolset: High Perfor-
mance Python for Geoscience, CEDAR Workshop, 2016

Swoboda, J., Semeter, J., The "Impulse Response™ of Electronically Scanned
and Dish Based ISR, URSI, 2016

Swoboda, J., Semeter J., Erickson, P., Zettergren M., Impact of the Forward
Model of ESA Based ISR on Measurements from HAARP, CEDAR, 2015

Swoboda, J., Semeter J., Erickson, P., Zettergren M., Three Dimensional lono-
sphere Reconstruction from Electronically Steerable ISR, MTSSP, 2015



128

Swoboda, J., Dahlgren, H., Semeter J., Erickson, P., On the Way to Optimal
Processing for Multi-beam RISR Experiments, CEDAR, 2014

Swoboda, J., Semeter J., Erickson, P., Simulation of ISR Data and Application
to Spatial Sampling of the lonosphere, URSI, 2015

POSTER
PRESENTATIONS

Swoboda, J., Semeter J., Improvement of Resolution of Incoherent Scatter
Radar Using Electronically Scanned Arrays and Inverse Theory, NEROC Sym-
posium, 2016

Swoboda, J., Semeter J., Improvement of Resolution of Incoherent Scatter
Radar Using Electronically Scanned Arrays and Inverse Theory, IEEE Sym-
posium on Phased Array Technology, 2016

Swoboda, J., Semeter, J., Resolving Cross Range Gradients in the High Latitude
lonosphere, CEDAR Workshop, 2016

Swoboda, J., Hirsch, M.,Semeter, J., GeoData: A Generalized Data Analysis
Software Suite, CEDAR Workshop, 2015

Swoboda, J., Dahlgren, H., Semeter J., Erickson, P., Plasma Motion Induced
Artifacts in 3-D Incoherent Scatter Radar, CEDAR, 2014

CODE / DATASETS

J. Swoboda, M. Hirsch, A. Stuhlmacher, G. Starr, and Semeter, J. (2016).
GeoData Python [code]. Zenodo. http://doi.org/10.5281/zen0do.154533



