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ABSTRACT

Deep learning techniques based on optical imagery have demonstrated recent
success with improving Synthetic Aperture Radar (SAR) image quality compared to
traditional posfprocessing techniqueblowever, the capabilities and limitations of these
neurl network designs, specificalhs applied taliverseSAR datasets, is lesser known.
Furthermore, nlike optical imagery, SAR coherent collection also include phase
information captured within the complex domairhis additional phase information is
traditionally disregarded due to is random appearance and the need tevalussl neural
network designs. However, this research demonstrates réssrping and enhancing this
phase information throughsinglechannel complexalued neural network can
significantly improve SAR image enhancement, target characterization,Maning
Targetldentification (MTI)

To improve the dataset diversignd relevancdor improved neural network
training, a new highresolution Sensor Independent Complex Dataset (SI@B3
compil ed and processed using Capella Space
spotlightmode[1]. Lower resolution training images were obtained throughapdsture
captures within the Fourier domaincreating a dierse and accurate training set with
multiple lower resolution frequency and angular captures capable of being mapped to a

single highresolution complex scenelhis supaperture sampling, along with pre
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processing algorithms for reducing dataset noise,slvas/n to notably improve network
performance.

Initial amplitude domain research focused on compariqesesolution deep
learning architectures, based on Convolutional Neural Networks (CNNs), Residual
Networks (ResNets), and Generative Adversarial Meta/(GAN9. These architectures
were optimized to support SAR image enhancement usew performance metric
evaluations, patclvise statistics, 1D feature extractions, and detailed visual inspection. A
realvalued Residual Regression CNN (R®NN) achieve greater speckle reduction,
smoothing, and feature contrast, with residual blocks offering improvements for network
expansion. In comparisonyeatlvaluedConditional Cycle GAN (CE5AN), with the key
addition of L1 loss and cycleonsistency loss, sigmntantly improved scattering point
separations and reduced ringing artifacts. This research psalirdet comparisons for
neural network designs, lefsnctions, and hyperparameter selections, and establishe
amplitudedomain deep learning recommendatidos supefresolving SAR imagery.
While promisingimage enhancement improvements for SAR imagese achieved
through these amplitudelomain deep learning techniggaethese studiesvere further
extended into the compledomain to fully exploitthe additioral phase information
availablewith SAR coherent collections

This phase information was found to provigeportant insight on scattering
behavior that can further improve SAR deep learning analysis and automatic feature
identification as shown throughhase derivative calculationdNovel singlechannel

complexvalued neural networks (CVNNSs) were designed and optimized to preserve and
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enhance SAR phase characterization. These evaluations foousexktending the
amplitudedomain CNNs, ResNet, and GAN into the complexdomain to support
complexvalued regression outputs, convolutions, weights, normalization layers, and
activation functions. Loss functions for compteaiued inputs were also evaluated for
phase preservation. Tloptimized CVNNs were directt compared tdhe similar Real
Valued Neural Networks (RVNNSs), with the CVNNs achieving greater speckle reduction
and higher peak signal strengths. This resulted from a reduction in phase interference
effects, as the CVNNSs learned the structured phasensspshared between the low
resolution and highesolution captures, effectively reducing the random background
interference. Thiswas further demonstrated througimproved phase derivative
separationsin whichthetargetfeaturephase sensitivitgven sapas&dthe original high-
resolution captures. These learnings provide a new corvplerd approach for super
resolving SAR imagery and improving target phase characterization.

To further explore thisCVNNs were compared to RVNNs fonoving target
charaterization and identificatiomvithin high clutter scenesSAR coherentcollections
traditionally focus on stationaryartifacts, resulting in thedistortion of norstationary
processe andlimiting the identification of movingargetswithin backgrounctlutter. To
provideautomated MTfor traditionalsinglechanneSAR collectiormodes anewCVNN
wasdevelopedhatimprowes detectionswithin high clutter environment3 o support this
analysis, anew labeled complexalued dataset was created using synth#yi injected
moving targets within theCompensate®hase History Data, allowing ferarioustarget

to-cluttersignaturs, target headingsandtargetspeedsAdditionally, CVNN comparisons
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were provided for both the complex spatial and Fourier dom@iasederivativeanalysis
visualized theenhanced moving target characterizatiashievablewithin the complex
domain while CVNN MTI analysisquantified these resultachievng atarget detection
accuracy of 81.4%compared to77.0% for asimilar RVNN. Furthermore,for the
lowermost 10% of targedb-cluttersignaturesthe CVNN correctly classified 57.7% more
targets compared to the RVNRNhe CVNN alsodeteced 10.1% mordargets withspeeds
exceeding 20 knotand 11.1% more targets wifiredominatelycrossrange velocities.
These resulthighlight the ability for CVNNSs to alsoimprove MTI sensitivities beyond
those achievable in only the amplitude domdihe results from this research establish
neural network processing recommendations, as extendethentmmplexdomain, for

improving the information extraction from SAR collections.
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Chapter 1
INTRODUCTION
This introductory chapter highlights the motivation for this research and the original

contributions established.nfoutline for thedissertation structeris also provided.

1.1 Motivation

Synthetic Aperture Radar (SAR) is a technique that produces images from
microwaves coherently illuminating a target scene. SAR images are captured onboard
aircraft or spacecraft, as microwave pulses are transmitted fromaviaeg platform and
the scattering return energy is coherently received, demodulated, and processed to generate
a 2D or 3D rendition of the scene. Improving SAR image quality is critical for both civilian
and military remote sensing applications due tpétsetration capability and its alleather
day/night capability. Common civilian applications of SAR focus ononitoring
environmental conditions (i.e. topography, oceanography, glaciology, and gealidgy)
development, maritime surveillance, and disasesponse, whilenilitary applications
focus onintelligence, surveillance, and reconnaissance (ISR) missions, supporting both
strategic and tactical objectives.

Spotlightmode SAR resolutigras further explained in Chapteri2 improvedby
slewing the radar to illuminate the samgeound patchThis resolutionis primarily limited

by the transmitted bandwidth in the range direc{imansmittingdirection and by the



angular coverage extent and transmitted frequency in the-renogs directio(moving
platform direction) [2]. The transmitted bandwidth typically results in the greatest
collection restraint, as antenna limitations can make bandwidth expansion infeasible.
Additionally, increasing the angular coverage requibeger,costliercapture timesFor
example, in spotlighmode operations, achieving this angular coverage can reduce the
number of collection patches attainablé/hile recent technology and antenna
advancements have improved SAR collection resolutialtitianal research is needtxl
further improvepostprocessing methoda support of greater information extractitor

these resolution levels

The resolution of SAR imagery also directly influences #peckle effects
observed. Speckle effects are deral high/low returns resulting frorthe scattering
interference effects within a resolution cell, as further described in Chaptez fresence
of speckle within SAR imagg can significantly degrade the image quality, including
potential target cheacterization and identification. Whilpostprocessing methods to
refine specklehave been successfully proposedch ascompressed sensing algorithms
andfiltering techniquesthese methods often resultancorrespondingpssin scattering
resolution.

Deep learning methods have more recently beeploredto address these
challengesHowever, these methods have traditiondtigused on processingnly the
magnitude imagerywyith training setsoftenderivedthrough amplitudemage processing
and syntlketic optical imagedegradation technique3hesedegradation techniques can

often includeoptical image compression aratiditive noiseapplications This limits the



ability of these networks to successfulind realisticallyaddress both resolution and
speekle concerns, as it disregards the inherent relationship betweessthetion cell size
and theresultingscatteringnteractionsAdditionally, these methods often ignore the phase
information available or incorporathis phase information as a segarahannel within
RealValued Neural Networks (RVNNgs)failing to retain the complex relationship
between the return scattering amplitude and phase.

Instead, modifying neural network architectures to support the propagation of
single channel complemumbes offers a means to preserve both the amplitude and phase
responses throughout network training and applicatidowever, the design and
optimization ofComplexValued Neural Networks (CVNNdor improving SAR image
processing, preserving phase informati@and improve moving target identification
remains largely uexplored Therefore, this research focusesthe original contributions

summarized in the following section.

1.2 Original Contributions from this Work

This researchpresents original contributionfor improving the information
extraction from SAR coherent collectiongs related toimage quality, target
characterization, and moving target identificatidhe learnings from this research can
directly benefit SAR postprocessing methodswhile minimizing physical collection
requirementgand antenna requiremeniirthermore, the complexalued neural networks

researchand methodology, as described in Chapteranalsobenefit other applications



with extensions into theomplexdomain such asvave iinction representatierwithin

thermodynamics or quantumechanics The specific contributions are as listed:

1 New complexdomain SAR sulaperture data generation, augmentation, and
screening methods for improved SAR deep learning performance and

generalzation capabilities.

1 New metrics and methods for characterizing and comparing-sp&Rific
imagery products due to optical image metric limitations. These new methods
include statistical metrics for capturing speckle and feature trguitsse

responsesand 1D feature extractions for improved visualization.

1 SAR amplitudedomain image enhancementomparisos between
Convolutional Neural Network (CNN)Resdual Network (ReNet), and
Generative Adversarial NetworkGAN) architectures with similar network
conplexities. This established the benefits and limitations of the different

network designs as applied specifically towards SAR image enhancement.

1 ImprovedSAR image qualityas viewedn the amplitude domain through the
incorporation of phase information thin singlechannel CVNNSs, resulting in
improved speckle reduction, scattering refinement, and signmalise ratios

compared to traditional RVNNSs.



1 Enhaned SAR deterministic phase resposssing CVNNs, such thaarget
phasesensitivitiesexceed that foeven the highresolution training data, as
demonstrated via phase derivative calculations and statistical assessments.
These findings can improve mamade object edge detection methods for

automatic target recognition.

1 CVNN and RVNN performance compsons for CNN, ResNet, and GAN
architectures, while comparing and evaluating compkined architecture
modifications, as applied to a unique featdineerse highresolution complex

valued SAR dataset.

1 Moving target characterization and phaseivativeanalysis through CVNNs

as designed for imagand phasenhancement

1 Improved MTI performance for CVNNs, as compared to similar RVNiXs,
as enabled through the creation afeav SAR complexalued moving target
dataset, synthetically generated based t@ditional SAR collection and

processing modes.



1 Comparison for CVNN and RVNN MTI performance against different target
characterizations, including various moving target signatuatutter (SCR)

levels, speeds, and headings.

1 Evaluaton of MTI CVNN capabilities within the Phase History Data,

considering both spatial and Fourier information fusing.

These contributions resulted in the followsigomittedpublications:

1 Rachel Viger, Mark Mirotznik, and Samuel Lambrakédleural Network
Evaluations for Imroving Synthetic Aperture Radar Image Enhanceraent
Published as a Technical Report on Defense Technical Information Center.

November 2024.

1 Rachel Viger, Mark Mirotznik, and Samuel Lambrakébnproved Deep
Learning Dataset Generation and Processing &ynthetic Aperture Radar
Image Enhancement.SPIE Defense + Commercial Sensing Proceedings

Paper. To be presented-13 April 2025.

1 Rachel Viger, Mark Mirotznik, and Samuel LambrakdSynthetic Aperture

Radar Image Enhancement and Phase Characterizagsoilg Complex Valued



Neural Network® Submitted for publication in the Journal of Applied Remote

Sensing Nov 2024.

1 Rachel Viger, Mark Mirotznik, and Samuel Lambrakéd§omplex Valued
Neural Networks for Synthetic Aperture Radar Moving Target Identidicati
within High Clutter Scenes. Submitted for publication in the Journal of

Applied Remote Sensingar 2025.

1.3 Outline

Following ths introductory chapter, Chapter 2 provsdadditional background
information on SAR processing, focusing on Spothgitde cdlections. Thisncludesthe
processingstepsfor SAR image generation and the transformation of the Compensated
Phase History Data (CPHD) into the final complex reflectivity of the scene. Understanding
this process provides the fundamental backgroundhirdata generation methodology
proposed in Chapter 3, which exploits the CPHD data for creating accuratesioltion
SAR captures though stdperture Fourier processingVithin Chapter 4, he unique
complexvalued SAR dataset generated in Chaptereyatuated through the development
and comparison of various RVNN architectures, with performance metrics specifically
establishedor assessing SAR image quality.

Chapter5 extendsthis neuralnetwork developmeninto the complexdomain to
support singlechannel complexalued inputs convolutions, activation functions,

normalization layers, and loss function inputs. Additionally, Chapter 5 evaluates the phase



information available within these complealued SAR collections and the ability for the
CVNNSs o enhance it. Direct comparisons demonstrate the benefit of CVNNs vs. RVNNs
for image enhancement and target characteriza@ibapter 6appliesthese CVNN and
phase derivative learnings improve the characterization @hoving targets within
traditional SAR collectionsThe CVNN developed is shown to improve the detection of
moving targets within high clutter scenes relative to a similar RVBNWNN comparisons
between thecomplex spatial and Fourier domaiage also included. The final chapter,
Chapter 7provides a summary of the research performed and the key conclusions, as well

as recommendations for future research efforts.



Figurel-1: ExampleSAR image of Petroleum, Oil, and Lubricant (POL) tamksnf
Capella Spac®pen ata[1].



Chapter 2
SYNTHETIC APERTURE RADAR CONSIDERATIONS

2.1 Spotlight-Mode Synthetic Aperture Radar

For SAR collections, microwave pulses are transmitted from a moving platform
and the scattered return energycoherently received, demodulated, and processed to
generate an image with pixel magnitudes representing the electromagnetic reflectivity
within the scene. The movement of the platform, ariin the radar, allows the antenna
illumination to mimic a leger physical antenna. Typical illumination methods include
stripmap, spotlight, and scan modes. In stripmap collections, the radar operates at a fixed
angle as the platform moves, allowing for large geospatial coverage. Scamoredses
this swath widt coverage by periodically scanning back and forth across the stene.
comparison, for sglight-modecollections the radar is slewed t@gstantly illuminate the
same ground patclspotlightmode collections offer the highest resolution coverage
to their longer synthetic aperturé\s result, spotlighinode -collectionsdrive the
requirements for improving SAR information extraction beyond existing collection
options. Therefore, this research focuses on recent-tegblution spotlightnode SAR
collections in order to develop improved pgstocessing methods for addressougrent
collection limitations.

In spotlightmode SAR, the range direction relates to the transmitting direction of

the radar, which can also beferredto asthe fasttime direction. The azimuth, or cross
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range, direction relates to the direction of the moving platform, and is also referred to as

theslow-time direction A diagram depicting these directions is shown in Figtte 2

Azimuth Direction
Platform Direction

Range Direction
Transmitting Direction

Figure2-1: Example gometry for SAR spotlightnode data collgion [3].

The range resolution is primarily dependent on the transmitted bandwidth, since wide
bandwidths can be compressed over timertwkite a shortepulsefor improved object
separationswhile allowing for a greater signal return. The azimuth resolution depends on
thesynt hetic apertureds representative beamy
and higher center frequenciesoypiding improved azimuth resolutionThe range

resolution,” , and azimuth resolutiofi, , are approximately represented in Equation 2.1
andEquation2.2, whered represents the collection bandwidébis the speed of light,

is the center wavelength, amd—s the azimuth collection extenivhich is the angle

subtended by the synthetic aperture length from the ground patch|[@nter

(— 2.1)
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(— 2.2)

Of note, the resolution itargely independent of the collection range, which instead

influences the power levels received relative to the senor sensitivity.

2.2 Processing Steps

Spotlightmode SARimagegeneratiorinvolves severgbrocessingtepsin order
to generate the final rendi t iThese steps are h e
summarized irthe example process flowiagramshown inFigure 22 andaredescribed
in more detail belowT his resarch focuses on the methodology for generating SAR immage
through the Polar Formattingethod compared téhe backprojection method. The polar
formatting representation of SAR image processing, which follows tomographic
approaches, allows for an improvedderstanding of how the process impdotage
resolution and coverad8]. This is critical for understanding the data generation method
defined in Chapter 3, which leverages these relationships to generate accurate training

samples at various resolution levels.
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Figure 2-2: SpotlightmodeSAR example image generation procéssreceiving return
signals, processing phase history data, and generating final SAR imagé withs c ene 0 s
complex reflectivity(order may change depending on processing needs).

SAR collections transmit Linear Frequency Modulated (LFM) chirps in order to
achieve the same effective bandwidth as shorter pulses, allowing for greater energy
responses. A example of a transmitted pulse is provided in Equation 2.3, where
represents the transmitted wavefarm,is the center angular frequengyis the chirp rate,

andt is the chirp durationAn example LFM chirp is also shown in Figur8.2

[0 'YQQ h =0 o = (2.3)
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Figure2-3: LFM Chirp with image (a) showing frequency change oweetand image
(b) showing the amplitude response over time as the frequency increases.

The return signal receivétbm this LFM chirpis a superposition of the scattering
returns across the ground patch, as shown in Equation 2.4, wherés the combined
receive signafor a chirg 0 is the signal attenuation, afi@é is the complex ground
reflectivity [2]. The exponential term represents the LFM chirp with awag return
delay, where is the range directionoordinate;t is theroundtrip time to the center of
the ground patch, analis the collection timeThe range limits for the ground patch are
defined by 6p anddp.

i 0 0JYQ ™o0Q Qo (2.4)
Pulse compressiothen combines quadrature demodulation and low pass filtering to

compress the range resolution. The quadrature demodulation mixes the returned signal with

Tt delayed inphase and quadratuxersions ofthe transmitted FM chirp to get phase

14



information The mixing functions for the iphase and quadrature components are shown

in Equations 2.5 and 2.6, respectividy.

o AiI10o t | o t (2.5)

& ol o t | o t (2.6)

Mixing (multiplying) these functions with the Equation 2.4 apglging the triggnometric

identitiesshownin Equations 2.7 and 2.8

ATTAITTO - AT |10 71 AT 10 1 (2.7

OFIAIIO -OEFT 1 0OF8I1 1 (2.8)

results in the quadrature demodulate return signab, , in the complexdomain, as shown

in Equation 2.92]. Theangle notations— denotes the azimuth collection point.

5
i 0 EO Q0 Q Qo6

-2 06 Q Q0 (2.9)

Low pass filtering is then performed to remove the portion at twice the carrier

frequency, in order to retain only the baseband signal. The ieshtiwn in Equation 2.10.
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i 0 -2 N6Q Q0 (2.10)

Additionally, thequadratigphase skew shown Equation 2.11

't e | — (2.11)

can beignored,when the scene size and chirp rate are sufficiently low, such that

—L -, (2.12)

where0 spans the range distance between the pattier@nddp. This results in the

complex return signal represented by Equatio B1L

i 0 -2 MQ Q0 (2.13)

These pulseompresse and processed return samptes be represented as the Fourier

transformof the projectionn 0 , wherery 0 represents line integral of scattering

reflectivity "Q6 across patch extent in the azimuth direcfmma single collection tarn.

1o - -] ¢g o t . (241
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In this casel) represents thEourier transform of the projection at angteTherefore, as
Munsonestablishedh [3], spotlightmode collections can be represented as a tomographic
reconstruction problem, following the projection slice theorem, where the 2D inverse
Fourier transform in the Fourier domain reconstructs the 2D SAR image, as defined in
Equation 2.5. Following the linear trace method, thP line segments from Equation 2.14
form a2D Fourier domain collection surface, as shown in Figede[Qote that the angular

orientationsare equivalenbetween the@hysical spacand spatial frequency space.

Angular Extent of Data Annulus
Determined by Flight Path

AB

Collection Surface
(Slant Plane)

” Length of Annulus
Determined by
Radar Bandwidth

Radial Position - = /
of Annulus A

Determined by /
Radar Center Frequency

Figure2-4: Fourier phase history region of support for spothgiade SAR collectiong].

As a result, he Fourierphase history region of suppampresents a Fourier

collectionofhe sceneds complex reflectivity. Ther
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support are inversely proportional to the spatial resolution, as the Fourier Transform
modulates reflectivity magnitudes over the entire spatial frequency plane. Ehkeys
characteristic that will be leveraged in Chapter 3 for generating accurate lower resolution
versions for the same collection scenes, in a process referred toasestute sampling.

Prior to applying Fourier Transformsnonplanar collectios (non-straigh path)
require phase history compensation (out of plan correction) to project the phase history
data into the desired processing plaAdditionally, motion compensation and phase
corrections are performed such that the phase at the patch center istcomstathe
collectionnThe sensor 6s movement due tohe ehangirg slana u s e
ranges causing a curved phase pattern. This is represented by the quadratic phase variation
described in Equation 2.11. This distortion can be corrected flyiag a multiplicative
factor in the frequency domaj8].

In order to apply théastFourier TransformgFFTs)for generating the complex
magnitudes representing the electromagnetic reflectivity within the ,qoelae formating
must be performed to interpolate the polar raster into a Cartesian fasteff T requires
uniformly sampled data on a rectangular gsd the Fourier collection surface must be
interpolated from its native polar orientation. This requiresngarpdation filter with a
large stopband attenuation to minimize aliased energy (beyond the patch) and a-flat pass
band to maintain spatial uniformity in image brightn@}sThe number of samples on the
resulting rectangular gri¢relative to original polar plot) is proportional to the image
coverage. The polar formatting metisodllows for more efficient image formation

compared to the bagirojection method, which reconstructs the sceombining the
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projected return echoes wittheach resolution cef#4]. Furthermore, the polar formatting
process provides a fundamental understanding edpebture sampling within the Fourier
domain.

Once the phase history data is interpolated to the rectanguaait gen be sampled
for FFT processing. 1D Inverse FFTs (IFFTs)@egormed in the range direction and the
azimuth direction to calculate the range and azimuth compressed data. These calculations

are provided by Equations 2.15 and 2.16, whegerepresents the rectangular samples
within the 2D phase history data anf & represent the rectangulafto coordinates

spanning a total ad and0 points respectivelyf2]. The range compressed dafa,, is

compressed in azimuth to provide a repres:
QG .

Q a4 B iy 7 (2.15)

Qoo B M aqQ 7 (2.16)

Additional autofocusing methods are typically applied through -postessing
techniquessince the rountrip propagation time to the center of the ground path is known
only imperfectly andlemodulation errors can result from independent error sources, such
as internal measurement unit drift and atmospheric turbulence. This automatic phase error
correction is usually implemented via a maximum likelihood estimation of the phase error

and can Blp to further improve the image qualg).
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2.3 Speckle Effects

When considering SAR image qualitykey consideratiomare the speckle effects,
which directly relate to the spatial resolution size. Speckle effects result threm
interaction of multiple scatterers within a resolution cell, such that the scatterers coherently
combine to form the resulting return signal. Tdemplexsummation of the interacting
scatterers for an example resolution cell is provided in EquatiGh®ileret r e pr esent s
the resulting compldixs rtehfd megit g aa k,eginsy etrh & h e
transmitte% svanvged emhga &veadnfidraor net t haen dp haarspd i t ud

contr ifbruegm omss Qatwienet he f&dol ution cell

i 6T B HQT (2.17)

This causes constructive or destructive interreference, resulting Hiterah high/low
returns. This grainy speckle behavior greatly impacts the quality of SAR images and can
limit the information retrieval possiblén example of a 1D destructive interference is

shown in Figure 5.
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—
1 Resolution Cell

Figure2-5: 1D example of destructive interference within a S&Boluton cell[3].

Traditional speckle mitigation methods focus on mloltik processing and filtering
methods. With multiook processing, multiple images tfe same scene are used to
incoherently minimize the speckli a process known as interferometipterferometry
allows for the cancellation of phase contributions that cannot be directly determined
through a single image. However, interferometry eitheguires multiple antennas,
multiple passes, or a division in the main radar beam or F@pesture Splitting the main
radar beam into several narrower €gams or splitting the Fourier collection surface, as
defined in the previous section, resulisa reduction in image resolution. Similarly,
filtering techniques applied to the spatial or frequency domains, while reducing speckle
noise, also cause reduced image resolution and bly&jrig] [7].

More recently deep learning techniques have looked at reducing speckle within

SAR imagery[8] [7] [9]. However, these evaluationseanften performed only in the
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amplitude domain, utilizing inaccurate optical image degradation algorithms and failing to
exploit the fundamental relationship between the image resolution and the resulting speckle
levels. Neural networks trained to removwathetic speckle artifacts in the amplitude
domain, are likely to also cause image blurring. However, neural networks trained through
diverse sukaperture sampling can offer neural network training thaticgmove SAR

image resoltion, while simultaneougl reducing speckle. This important dataset

generation approach is further explained in Chapter 3.
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DEEP LEARNING DATASET GENCEhSREI'eIrOSN FOR IMAGE ENHANCEMENT
AND PHASE CHARACTERIZATION

Synthetic Aperture Radar (SAR) imagery has greatly benefited frendaép
learning techniques established for optical imagery; however, these techniques often do
not fully leverage the unique information available within SAR coherent collectids. S
swerresolvingdatasetsand noise reduction datasets typically folloaditional optical
imagery techniques and data generation methods, including amplitude domain down
sampling methods and single laasolution to higkresolution mappings. In this research,
an improved deep learning SAR dataset generation method is profageflirther
leverages the complexalued phase history data within the Fourier domain. This method
involves reducing SAR collections into smaller patch sizes that are then screened for
guality scattering content, reducing the noise digression of theetatnd improving
training speeds. Within the Fourier domain, these compddéixed patches are then
processed via su@perture selections, generating several truthful and different low
resolution mappings for each single higdsolution image. This impreg neural network
learning by accurately mapping several different bandwidth coverages and angular
collection extents to each highsolution collection.

The resulting diverse trainindataset was shown to notably improviee deep

learning performanct®r a representative Generative Adversarial Network (Gkéalhed
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to improve SAR image quality and speckle reductiddditional image quality metrics
were also proposed for characterizing and comparing-§#eRific imagery products due
to optical image metei limitations. These new methods include statistical metrics for

capturing speckle and feature trends and 1D feature extractions for improved visualization.

3.1 Existing Dataset Limitations

Spotlightmode SAR resolution is primarily limited by the range resoh in the
direction of transmission, which is dependent on the available bandwidth. Due to antenna
and platform limitations, greater bandwidths are often infeasible. The resolution achievable
also directly influences the speckle effects observed, asntkeaction of multiple
scatterers within a resolution cell results in constructive or destructive interference, causing
nortliteral high/low returns. Resolution limitations, and the resulting speckle noise, greatly
impact the visual quality of SAR imagasd can limit the information retrieval from SAR
imagery, including the accuracy of visual analysis, target classification, change detection,
interferometry, and image segmentation processes

Traditional methods for reducing SAR speckle include variouslow filtering
techniques and muitook processing, Hwhich the collection or radar beam is divided to
produce multiple images of the same scene, and various filtering techniques. These
methods can help to smooth speckle noise; however, they alsoinesdiuced image
resolution and blurring. With the growth of deep learning, neural network advancements
have provided promising results for improving SAR image quality and reducing speckle

noise. These methods include various Convolutional Neural Net¢@iN) designs,
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residual blocks, diffusion models, and Generative Adversarial Networks (GANs). For
example, researchers have proposed new SAR denoising diffusion fi@bdetsditional
diffusion modelg[7], and residual attention networfd], all of which show promising
results for improving the balance between speckle noise reduction and scattering
preservation. However, these proposed neural network advancementt argtstl by
the dataset limitations employed for their developnjight

The majority of SAR deep learning speckle analyses follow optical imagery
manipulation techniques for generating the noisy and clean training datandlbides
adding Gaussian noise for synthetic speckle into the amplitude image or using greyscale
optical imagery to emulate the clean SAR data. These images include optical inaccuracies
that fail to preserve the true nature of SAR coherent collectiariading the relationship
between spatial resolution and speckle effects and the existenceltéradrmbservations,
such as layover, shadow, and ringing artifacts. Due to the lack ofclemy SAR image
datasets, recent efforts have also proposedhadstfor training with noisyoisy SAR
image pairs with limited succeg8] [7], highlighting the need for improved dataset
generation methods. Distributed SAR datasets are also often focused get tar
classification and can be limited in their feature variability, spatial resolution, and quantity.
As SAR spatial resolutions continue to improve, new neural network advancements should
explicitly leverage these collections to capture and train on pleeific scattering
characteristics attainable through smaller resolution cell sizes.

This research proposes an improved methodology for creating diverse high

resolution SARspecific training datasets for speckle reduction that can improve the SAR
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deep leaning performance and generalization capabilities. This automated dataset creation
method generates mulbok subaperture image variations for each higisolution image

within the Fourier domain, with these images representing the actual SAR imadgale feasi
with different bandwidth and azimuth collection extents. Furthermore, these images
undergo additional screening, such that the training chips selected maximize training
speeds and generalization capabilities. These methods are further describézbiaskee
Generation and P+rocessing section.

The performance improvements gained using thissdataeation method were
demonstrated using a notiorf@AN for image enhancement and speckle reduction, and
highlight the importance of also advancing SARniray datasets to fully exploit the
advances attainable with novel neural network designs. SAR performance metric
limitations were also observed due to distinct differences between optical imagery and
SAR imagery. As a result, new image quality metricsawgoposed for characterizing and
comparing SARspecific imagery products, and the observed scattering behavior. These
new methods include statistical metrics for capturing speckle and feature trends and 1D

feature extractions for improved visualization.

3.2 DatasetGenerationand Pre-Processing Steps

To ensure diverse applicability and higésolution coverage, the new dataset was
compiled using Capella Space Open Data spothghde SAR collectiongl]. These
commercial satelle Sensotndependent Complex Data (SICD) collections provide High

resolution SAR imagery, with spatial resolutions reaching 0.3 m. The processing of the
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SICD binary files was performed using modified techniques established within the
National Geospatidint el | i gence Ageased MATEAB [SARL ToolboX, vy
ensuring alignment with industry standafil®]. The expansive higresolution complex
collection scenes were reduced into more than 142,000 200x200 matrices for t8AR da
chip creation, with 80% selected for neural network training, 10% for validation, and 10%
for final testing

Each chip was evaluated and selected using the Percépsed Image Quality
Evaluator (PIQE) index, as applied to the amplitude image, tondieits initial inclusion
in the training dataset. The PIQE calculates-aafierence image quality score using block
wise distortion estimation, with lower numbers indicating better image quialily To
calculate this meitr, a mean subtracted contrast normalization is performed on the image,

as shown irequation 3.1:

000 —, (3.1)

where'@Qepresent spatial indices within the image height and width, respectivel§, and
is constant and set to the value 1 to prevent instability. The meamjstandard deviation,

., are calculated from the circularly symmetric Gaussian weighting function shown in
Equations3.2 and3.3, with the weighting function) , sampled out to 3 standard deviations
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, a0 B B 0 Q@G0 * 60 (3.3)

This new image mapping is then segmented inteavanlapping blocks, where the
variance of the samples witheach block is calculated. If the variance exceeds the selected
threshold, the block is classified as spatially active. The total number of spatially active
blocks is then proportional to the inverse of the PIQE score, with higher spatial variability
realting in lower PIQE scores. Additional information on the PIQE development and
methodology can be found withjh2] [13] [14].

Image chips with PIQE scores less th@rwére included in the training dataset, as
they contained variable intiscene returns surpassing the ground clutter noise and speckle.
This was a small subset of the original data, as natural backgrounds (i.e. water, dirt) filled
the majority of the imag chips with similar scattering backgrounds. Such background
noise is still present for training in the images selected with lower PIQE scores; however,
these images also include additional scattering content for more diverse training. This
screening methimproves the efficiency and accuracy of the training process, as it results
in greater information content for learning with less noise digression.

Low resolution chip variants were composed by collectingagpdsture samples
within the Fourier domainSince spotlightnode SAR follows the Projection Slice
Theorem,as described in Chapter @ach of the compressed processed pulses form a
collection surface in the Fourier spatial frequency domain. The pulse compressed and low

pass filtered return signalsrfa given time collection, 0, are defined ifEquation2.13.
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These signal returns form a Fourier annulus collection syrfach as that shown
in Figure3-1, with angular extents representing regular coverage of the flight path and
the annulus length representing the radar beamwidth. The 2D Inverse Fourier Transform
of this collection surface reconstructs the 2D SAR image of the ground complex
reflectivity. Therefore, the region of spatialdreency support is inversely proportional to
the image spatial resolution, as the Fourier Transform modulates the reflectivity magnitude
over the entire spatial frequency plane. As a result, selectingpsaples of this collection
surface, prior to the 2Ihverse Fourier Transform, forms lower resolution images covering
the same spatial extents.

An example dataset with multbok images was created by decreasing the
resolution for each chip by half in both bandwidth and angular coverage. This means that
for each highresolution complex chip, four independent lower resolution complex chips
were generated from the Fourier collection surface. Thedéswlution data was padded to
match the original higiesolution chip sizeria an upsampling processThis reqires
appending zeroes to the inputs in the Fourier domain prior to the invassEourier
transformation. This provides interpolation to the d@solution data samples in order to
match the highresolution image dimensions. An example of a dataset is@itown in
Figure 3-1, with (a) representing the highsolution image, mapped by the four

independent lowesolution captures {g).
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Figure 3-2: Example training chip with the higlesoluton reference (a) and four
independent lowesolution sukaperture captures @fe).

As shown in Figre 3-1, the different lowresolution mappings result in differing
ringing artifacts, edge definitions, and scattering point separations. By incorpothtihg a
these variants within the training data, the network can more accurately train on the high

resolution extrapolations for sparser data collections.

3.3 Neural Network DatasetEvaluation
The importance of the dataset milidtok variability was assesseding a notional
GAN architecture aimed at reducing the image speckle, while also improving image spatial

resolution. GANs work by running two neural networks, a generator network and a
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discriminator network, against each other in order to produce imageg fit desired
distribution. The training of the network aims for the generator to produce a result that can
fool the discriminator. A Super Resolution GAN (SRGAN), proposed by Ledig[é5d/.
provided an initial frameworkok optical imagery super resolving techniques at 4x
upscaling factors. This model included a perceptual loss function consisting of an
adversarial loss for discrimination and a content loss for perceptual similarity. This
approach was extended to SAR imagey Wang et al[16], which demonstrated improved
superresolution SAR performance and generalization ability.

As an extension to these efforts, Cy@ANs (GGANs) were developed to train
on both the forward transformati@nd the inverse transformation, adding an additional
cycle-consistency loss term. Cyel@eANs were developed to provide greater training
constraint for unpaired inputs; however, this implementation can also enforce greater
accuracy and contrast when traineih paired inputs, as demonstrated by Harms et al.
using paired CT imagefiL7]. The baseline Cycl&AN architecture is based on previously
optimized design§l7] [18], and consists of an encoder module for de@ampling with
two convolutional layers, six residual blocks, and a decoder module-&arpling with
three convolutional layers. The residual blocks provide skip connections that support
gradient propagationuding training and improve information transfer between earlier
network layers and deeper network layers. This network architecture leverages multiple
GAN learnings[19] and incorporates a modified loss function to include ttmmal L1
norm lossfl , between the paired inputs. The generator loss fundtion, is shown in

Equation 3.5
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f f i f (3.5)

The adversarial loss functiofi, , for the generator is calcuéat by the Mean
Squared Error (MSE) between the discriminator outputs for the generated images and the
real label of values 1, while the cycle consistency libss,, is calculated by the L1 norm
between the original image and the reciprocal imagergéed from the generated image.
The weighting factor for the cycleonsistency lossy is set to a value of 15 for improving
the distribution mapping consistency for the paired dataset.

The performance of th€ondition CycleGAN (CC-GAN) was compared foa
network trained with the singlmapping dataset and a network trained with four- sub
aperture variants within the dataset.Uf&R2-3 provides an example image comparing the
performance of the two networks. While both networks effectively reduce thieging
artifacts, the additional stdperture training samples noticeably improves the scattering
refinement and accuracy. These effects are highlighted in the red sloows within

Figure 32 and Figures3-3.
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Figure3-3: Example model output using GGAN trained with singlanapping dataset.
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Figure3-4: Example model output using GGAN trained with multilook subaperture
dataset.

Due to the difficultyin visually comparing SAR scattering characteristics, 1D
Feature Extractions were also performed to provide a more direct comparison of the
scattering features and amplitudes. These 1D extractions averaged the return amplitudes
over a 5 datapointertical window and provide a useful representation of the scattering
and speckle behavioAn example of this is shown in Rige 3-4, with the extracted data

centered around the red line in the range direction. In this example, thelsolgtataset
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results in naccurate scattering smears that are removed when processed through the full

multi-look dataset.
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Figure3-5: 1D feature extraction comparing &&AN trained with a singkéook (Single
HR) and multllook (Full HR) subaperture dataset, as compared the original- low
resolution (LR) and highesolution Actual HR) images.

In addition to visual inspection and 1D feature extractions, quantitative metrics
were considered for comparing the neural network perfiocemaThe MSE and other
similar optical measurements resulted in significant limitations in characterizing the SAR

scattering separations, refinement, and accuracy. Therefore, additional image metrics were
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evaluated, including the average variance overg@téhes within the image, and the MSE

for each patch mean and patch variance compared to the originakbahtion image.

These results further characterize the scattering and speckle behavior, as well as both the
micro and macro scattering trends. Thentitative results across the full test dataset are

provided in Table-1.

Table3-1: Test results comparing the network performance trained with dowfteand
multi-look mappings.

MSE Patch Variance Patch Variance Patch Mean
Model Relative to  High Res: 0.0168 MSE MSE
HR Low Res: 0.0149 Relative to HR  Relative to HR
High-Resolution - 0.00112 - -
Low-Resolution 0.00294 0.00163 1.74e05 0.00153
Cycle-GAN
Single LR to HR 0.00214 0.00117 1.44e05 0.000694
Cycle-GAN
Multi LR to HR 0.00198 0.00125 1.39e05 0.000657

The singlelook network performed notably worse, and reduced the MSE
improvement by over 8%. The variance statistics for the singledataset aligned slightly
better with the highresolution image; however, thatch mean and overall mean were both
degraded in performance, including a patch mean degradation of 6%. This indicates that
while the scattering appearance may improve with a singledsalution mapping, the
accuracy of these scattering points dimieshwithout the mukiook low-resolution
scattering variations. This highlights the importance of incorporating multipleseture

training images.
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3.4 Dataset Generation Conclusion

As neur al net work architecture ogndke/s ancem
the significance of the training data relative to the network worth. Current research focused
on SAR deep learning advancements commonly rely on optical images or optical image
degradation models. Furthermore, research leveragingsp&Bific colletions are often
limited in the dataset feature variability, collection resolution, and collection extents. To
address these concerns, a new SAR dataset generation method was proposed to improve
neural network training capabilities specific towards SAR nag This automatic
processing method can help to generate new SAR datasets, given new complex data
collections. This method involgedownselecting the SAR patches to reduce the noise
redundancy and generating multiple sagerture variants within the Foer domain for
each highresolution image. This multook mapping method extends the network learning
to span greater bandwidths and azimuth collection extents, which can improve the data
extrapolation needed to improve SAR image quality and accurady.méthodology
leverages varied swdperture sampling within the Fourier domain to capture diverse
representations of 6cleand and 6dirt-yd SAR
specific neural network performance.

When evaluated with a notionabD3GAN model, the network trained with multiple
sub-aperture mappings resulted in an 8% improvement in the MSE reduction. To improve
SAR image assessment capabilities, new image quality metrics were also proposed, due to
the limitations observed in extendiroptical image metrics, including overall MSE

calculations. Patch mean and variance statistics were found to be useful in characterizing
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the observed SAR image features in comparison to the originaielssiution and high
resolution images, with the patwariances capturing the SAR scattering and interference
effects and the patch means capturing the overall feature trends. 1D feature extractions
were also applied and highlighted the additional scattering refinement for key scattering
structures given tamultilook training updates. As a result, similar dataset modifications
should also be considered forprovingthe accuracy of SAR automatic target recognition,

change detection, interferometry, and image segmentation deep learning processes.
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Chapter 4
AMPLI TUDE DOMAIN EVALUATIONS

This research proposes modified deep learning methods as applied to a new
comprehensive highesolution SAR dataset. Similar methods have been explored within
the optical image domain, however, their relative applicability to SARges remains
uncertain due to SAROSs Il maging i mitatio
degradation, and neliteral observations, such as layover, shadow, and ringing artifacts.
The speckle in SAR is due to the coherent interactions of multiglgess within a
resolution cell that result in ndrteral high/low returnsas described in ChapterQurrent
methods for smoothing or reducing speckle, such as-fookiprocessing and spatial and
frequency domain filters result in a corresponding lafseesolution or increased image
blurring[5] [6]. The optimization of deep learning networks specifically for SAR imagery,
and thesubsequenéxtension of these networks for processing complea uhgouts, has
the potential to expand existing image enhancement techniques as applied to SAR coherent
collections.

The scope of this research step focused on leveraging the improved dataset creation
method established in Chapt@r identifying meaningfulmethods forcompamg SAR
image enhancement performance, and identifying -Spé&cific image characteristics
resulting from different fundamental neural network desigrss applied within the

amplitude domainThe dataset was compiled usi@gpella Space @m Data spotlight
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mode SAR collectiongl]. Following the methodologgescribed in Chapter Bultiple
lower resolution versions for each higésolution chip were included in the deep learning
process to more accurately trale network on the highesolution mapping from the
sparser data collections. During the transformations within the frequency and spatial
domains, the amplitude and phase information was preserved to support future deep
learning analysis within the complelwmain as discussed in Chapter 5

In this Chapter,the additionalmetrics and methodsfor characterizing and
comparing SARspecific imagery productss established in ChapteraBeapplieddue to
optical image metric limitation§ hese methodaclude thestatistical metrics for capturing
speckle and feature trendss well aslD feature extractianfor improved visualization.
Additionally, this chapter provides a direct comparison between Convolutional Neural
Networks (CNN), Residual Networks (ResNedy)d Generative Adversarial Network
(GAN) architectures with similar network complexitiesstablising the benefits and
limitations of these different network desigas applied specifically towards SAR image
enhancementTheseresults provide the fountlan for applicationdriven SAR image
enhancement methadeheextension of these efforitsto the complexdomainis described

in Chapter 5.

4.5 Neural Network Development
Numerous deep learning methods have been applied to optical imagery fer super
resoluton, includingCNNs and more recentlGANs. These CNN models include Very

Deep Super Resolution (VDSR) neural networks, which learn residual mappings between
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low-resolution and highesolution images, based on similar image content. While unable
to map unorrelated information, these models may provide a means to highlight important
information hidden within the lowesolution datai providing additional image
refinement. For SAR, this implies a bandwidth and angular coverage extrapolation
mapping, with themodel predictions representing image reconstruction from a sparser
dataset.

A Residual Regression CNN (RB&NN), inspired by the successful optically
focused VDSR network1] [22], was modified tanalyze SAR specific image effects.
The mearsquared error (MSE) loss calculation was evaluated for mapping the low
resolution image to the residual difference between thereglution and lowesolution
images (RRCNN), as well as directly mapping thew-resolution image to the high
resolution image for a Direct Regression CNN (BRN). The residual mapping offers a
potential means to focus on the regions with higher intensity variation between the low
resolution and higihesolution images.

Network deign and hyperparameter modifications were evaluated to ensure
applicability of the CNN towards SAR imagery, with its less refined nature. These
evaluations focused on the network depth, the convolutional filter size, the output mapping
method, the batchize, the loss function, and the addition of residual blocks to form a
ResNet architecture. The baseline-RRN network consists of 20 convolutional layers
with ReLU activations, followed by a final regression layer. Additional network parameters

can be fouad in the AppendiA.
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As described in Chapter, &ANs have also provided realistic imageimage
mapping improvements. GANs can produce images fitting a desired distribution by
running a generator network and a discriminator netwgekinst each othefrhe baseline
Cycle-GAN follows the development defined in ChapteraBd consists of an encoder
module for dowrsampling with two convolutional layers, six residual blocks, and a
decoder module for upampling with three convolutional layers. The residualkcks
provide skip connections that support gradient propagation during training and improve
information transfer between earlier network layers and deeper network layers. This
analysis leverages multiple GAN learnind®] [20] and evaluated modifications to the
loss objective function, filter size, batch size, and number of residual blocks. For the
Conditional Cycle GAN (CE&5AN), the loss objective function was modified to include
conditional loss btween the paired inputs. A process flow diagram for this architecture is

shown in Figure 4L [20].

Generator LR Generator HR
to HR to LR

Discriminator
HR Images

Discriminator
LR Images

Figure 4-1. Conditional Cycle GAN process flow including the additional n3ee
transformation evaluation.
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The GGAN performance was compared for a generator loss fundiion,,
consisting of the adversarial lofls, , and the cycleonsistency losd$l , against a loss

function including an additional conditional similarity measurement loss térm,
measuring the L1 absolute error between the genkratage and the provided target
image. The latter, including all potential loss terms, is showiqguation 4.1 and may
further improve the performance for paired datasetGFIN networks. This was also

compared to the addition of a conditional MSE losxfion, as shown ikquation 4.2

f f o] f (4.1)

f f i f 4.2)

The adversarial loss function for the generator is calculated by the MSE between
the discriminatooutputs for the generated images and the real label of values 1, while the
cycle loss is calculated by the L1 norm between the original image and the reciprocal image
generated from the generated image. Further details on the adversarial loss and cycle
consistency loss calculations are provided in [16]. Due to the paired nature of the dataset,
the additional similarity error los$l or fl , and differing weighting factors for the
cycle-consistency loss,, were evaluated. This included setting the cymasistency loss
to zero to compare the performance with and without its incorporation. More information
on the CCGGAN parameters can be found in the Apperdix

The MSE loss evaluations, 1D feature extractions, and statistical comparisons

between the actual higiesolution images and modeled higdsolution images were
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evaluated directly on the network output tensorsJenttie final validation images were
refined using pixel normalization and image adjustment saturation (saturating the bottom
1% and top 1% of all pixel values) to optimize the image contrast achievable within each

result. This allows for enhanced visuadpections.

4.6 CNN and ResNet Results

For the amplitude domain RERNN comparisons, th&ISE was calculated, as
referenced to the original higlesolution image. Note: the PIQE metric applied previously
provides a useful initial assessment for discerning SAReo images from background
noise images with no reference information; however, the PIQE is not recommended for
SAR quality assessments within the selected images due to its focus on optical perception.
The RRCNN improved the MSE image quality metria the subaperture lowresolution
images by 57.1%. Fige 42 provides examples for five SAR image chips, including the

residual images calculated by the network.
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Figure4-2: SAR example chips forlRCNN with mapping to residual difference between
high-resolution and lowesolution images.

Due to the limitations in assessing SAR imagery using the optical image metrics,
rigorous visual inspection was performed. For the@®¥R\, the imagery shows a naction

in the speckle appearance for the background collection, and a refinement to the edge and
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contrast definitions. Additionally, the ringing artifacts due to $addbing effects are
reduced in appearance. The MSE reduction and speckle reduction tappesait from a
reduction in image noise and interference effects. This results in a clearer image; however,
specific scattering characteristics are still less refined compared to the original high
resolution images.

To further capture the feature seaibg improvements, 1D horizontal feature
extractions were evaluated across importaattering features. An example of this, for
both the raw output data and the processed image data, is shownria #8) with the
extracted data centered on the rewliThe results show a significant improvement in
scattering width and amplitude relative to the dmsolution image. Furthermore,
amplitude variation over the speckle noise, outside of the two peaks, is significantly
smoother. In this example, for thewaoutput, the model improved the extraction
correlation to the higiesolution image from 86.2%, for the lewsolution image, to

96.3%, for the model output.
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Figure4-3: 1D feature extraction examplerfRR-CNN mapping the residual difference
between highresolution and lowesolution images.

The filter size for the RRCNN was evaluated due to the coarser and noisier nature
of SAR imagery. This analysis focused on the original 3x3 filter size vs.i@ulitx5
filter sizes The optimal performance resulted from a 5x5 filter for the first convolutional
layer, followed by 3x3 filter sizes for the remaining convolutional layers. This design

supports greater initial contextual information from the graffeces within SAR imagery,
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while still maintaining lower computational costs for the deeper layers. The CNN network
results presented follow the preceding filter design, with an initial 5x5 filter size followed
by 3x3 filter sizes.

The performance of theR-CNN network was also modified to support the Direct
Regression (DR) mapping between the 4@solution images to the higksolution
images. The DFCNN performed slightly better than the residual regression mapping in
regards to MSE improvement, with amprovement of 58.0%. However, the visual
inspection of the DRCNN indicates a slight degradation in the visual separation of small
scattering features. This indicates that the residual mapping can still offer some visual
improvement in characterizing thegher detailed variations between the {msgolution
and highresolution images. The DRNN examples arecludedin [11], as a separate
memorandum addendum

The RRCNN performance was also compared to a network design witble the
convolutional layers, RENN Extended, which supports patch sizes with double the
dimensional lengths, such that the image features can still be fully extracted, while
maintaining greater feature context within the image processing. No sighifitamge in
MSE performance resulted from these changes; however, visual inspection demonstrated
greater smoothing and contrast separation, with lower point scattering resolution. This
indicates a potential benefit in noise reduction and spatial featureasth with a
competing loss in scattering refinement. Additionally, the performance was evaluated with
double the network depth, while maintaining the original patch size to explore if any higher

dimensional features can be extracted. The additionalsl&gethis training data caused a
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loss in scattering features, indicating that too great of a network depth can cause a loss in
the minor scattering features due to overfitting and model degradation. The results from
this analysis arprovidedseparatelyn [11].

The addition of residual blocks was also evaluated to improve the performance for
deeper network depths. Residual blocks provide skip connections to minimize learning
degradation, allowing more information to trandfetween the initial and final layers. A
Residual Regression Residual Network (RAResNet) consisting of 18 residual blocks
provided slightly improved performance to the-RRIN and DRCNN, with a higher MSE
improvement of 59.1%. Visual inspection alsoitaded a slightly greater reduction in
ringing artifacts, as evident in kigge 44 row 3 and row 4.

The separation of the two scatters inUfeg44 row 4, across a single extracted row
is further examined in Fige 45 (highlighted in red), comparing tlemplitudes between
the lowresolution, higkresolution, and model output images. Similar to the@GNRN, the
RR-ResNet resulted in a significant improvement in the scattering isolation, with a
smoothing effect across the background speckle noise. Thdl@egralation to the high
resolution image improved from 86.2%, for the {oegolution image, to 95.4% for the

model output.
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Figure4-4: SAR example chips for RResNet.
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Figure4-5: 1D feature extraction example for FEResNet mapping to residual difference
between highresolution and lowesolution images.

The extension of the RRNN network mapping was also applied to high
resolution versino s of the 1 mages to ascertain
resolution inputs. Example results aircluded separatelyin [11]. Through visual
inspection, the output images reduce the speckle appearance and fuhthgintttinge edge

contrast. However, the extension of the network also reducesaiss scattering features

50



within the image content. This is due to the network only being trained on a single mapping
level between the lowesolution captures and the higisolution captures, and therefore
mistaking higheffidelity features within the highesolution inputs as lowesolution noise.

To improve the extension of an RRNN performance to different resolutions, it is
recommended that training be performed usingasety of lowresolution to high

resolution mapping functions.

4.7 Generative Adversarial Network Results

The GAN analysis additionally improved MSE image quality metrics for the sub
aperture lowresolution images. The network with only adversarial loss @ate loss
resulted in a 22.0% MSE reduction compared to therkselution images. In comparison,
for the CGGAN, with an additional L1 lossEguation 4.}, the modeled highesolution
images from the network achieved a 32.7% MSE reduction. Additionadlyal inspection
indicates a greater scattering return accuracy. The extra L1 loss term is found to be an
important addition for paired datasets, as it provides a direct comparison between the fake
and target images. Example results from the@XN with L1 loss are shown iRigure 4
6, while the example results from the Cy&GAN with only adversarial loss and cycle loss

areincludedseparatelyn [11].
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Figure4-6: SARexample chips for CGAN with adversarial loss, cycle loss, and L1 loss.

The CGGAN with L1 loss noticeably improves the apparent resolution of the

images, while appearing to resolve better point returns, providing a less blurry and less

coarse image. Faxample, in Figre 46 row 3, the two scattering objects near the top of

the image are difficult to distinguish in the leesolution image, while the model output
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greatly improves their isolation similar to the higdsolution image. Additionally, ringin
artifacts from siddobe scattering are mostly removed, as seen in row 2 and row 4. To
further highlight these improvements 1D horizontal extractions within the image were

compared over important features. An example of a feature cut is showmiia &ig
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Figure4-7: 1D feature extraction for GGAN with adversarialcycle, and L1 losss
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The 1D feature comparisons show the network significantly improved the
alignment with the highiesolution image wer important features, compared to the-ow
resolution image. The key scattering widths and amplitudes are more proportional to the
high-resolution image, and in this case, result in a dnégolution correlation of 93%
compared to the lowesolution corriation of 86%. This demonstrates that the-G&N,
incorporating adversarial loss, cycle loss, and L1 loss, offers a promising means for
improving scattering characterization and image resolution.

Additionally, the GAN network with no cycle loss (only adsaial loss and L1
loss) resulted in only a 16.9% MSE reduction. Visual inspection also indicated a significant
drop in performance, with visible natcurate scattering returns. These inaccuracies are
circled in red in Figre 48. These results highlighhe benefitsof cycle loss even with
paired datasets due to the improved network consistency between tiredulghion and
low-resolution image translations. Therefore, the@&N, incorporating adversarial loss,
cycle loss, and L1 loss, is recommendesteéad for improving scattering characterization

and image resolution.
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Figure4-8: SAR example chips for GAN with only adversarial loss and L1 loss.
The CGGAN with adversarial loss, cle loss, and L1 loss was also evaluated for

batch sizes greater than one to compare the performance for instance normalization versus

batch normalization. In this case, a batch size of one performed significantly better for the
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style transfer network, witimproved mapping accuracy between the-tegsolution and
high-resolution images. These results with example images@uoeledseparately ifll].

The CCGAN was also tested against the higisolution inputs used to traihet
model; however, as expected, no notable image improvements are detected. This results
from the generator and discriminator networks training to match therdasghution

training data distributioin and not training to surpass it.

4.8 Statistical Analysisand Discussion

The modified CNN and GAN network designs resulted in differing SAR image
enhancement capabilities and limitations. The-R#Net resulted in the lowest overall
MSE relative to the original higresolution images, followed by the BENN with direct
mapping between the lovesolution and highesolution images. However, visual
inspection and 1D extraction analysis for the-DRN resulted in a reduced higher
frequency feature accuracy compared to the@R\. These results highlight the benefit
of residual learning, both within the input to output mapping and within the network layers.

The CCGGAN design resulted in significantly less MSE improvement relative to
the RRCNN and DRCNN; however, visual inspection and 1D extraction analysis
indicatedsignificant enhancements in the image scattering separations and resolution.
These observations highlight the limitations of overall MSE calculations, and similar
optical image metrics, when analyzing SAR image quality due to the speckle noise. As a
result additional image statistics were considered, including the average variance over 5x5

patches within the image, and the MSE for each patch mean and patch variance compared
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to the original higkresolution image. A summary of the raw output results fomiedyork
designs is shown in Tabke1, while results from all network evaluations are shown in
Appendix B. Similar statistical comparisons for the image adjusted results can also be

found in the AppendiB.

Table 4-1: Resultscomparing the model higresolution images to the original lew
resolution images relative to the original higdsolution images.

MSE Patch Variance Patch Patch Mean
Model Reduction High Res: 0.0011 Variance MSE MSE
Low Res: 0.0016 Reduction Reduction
ii;%%’:l 57.1% 0.00021 9.3% 65.7%
Dgi'ri';'t'\' 58.0% 0.00018 8.1% 67.1%
RR-CNN
0, 0, 0,
Extended Layers + Patch Siz 55.6% 0.00018 8.1% 63.5%
Extsfd'ec dNLNayerS 56.0% 0.00022 11.1% 63.9%
RgéifjiNaft 59.1% 0.00021 9.4% 69.7%
F\)LF\l)_I?ol\g;I 19.9% 0.0016 -452.6% 39.8%
Cycle-GAN 21.7% 0.0015 -0.01% 48.8%
Adversarial + Cycle Loss
CC-GAN
0, 0, 0,
Adversarial + Cycle + L1 Loss 32.7% 0.0012 20.7% 57.0%
CC-GAN
Adversarial + Cycle + L1 Loss  27.3% 0.0012 17.4% 54.6%
Single LR to HR
Ag\fer:‘s’g'r?;ajﬁlﬂss 16.9% 0.0013 8.4% 42.7%
CC-GAN
0, - 0, 0,
Adversarial + Cycle + MSE Loss 15.1% 0.0016 10.3% 39.0%
CC-GAN
Extended Residual Blocks, 32.4% 0.0013 14.9% 56.7%

Adversarial + Cycle + L1 Loss
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These results indicate that the f¥RsNet, RRCNN, and DRCNN desigs
resulted in larger MSE improvements and patch MSE improvements. Additionally, the
overall patch variances are significantly lower compared to both the origina¢smiution
and highresolution images. This aligns with the visual inspection and 1Radn results
that indicate enhanced feature contrast with increased smoothing and speckle reduction.
While beneficial for noise filtering and maefeature extraction, this can also result in a
loss of specific scattering returns. Additionally, extendirgRRCNN network depth and
patch size resulted in greater smoothing effects with a greater loss in point scattering
accuracy, as indicated both through the visual inspection and the patch statistics. Similarly,
increasing only the network depth stillstdted in significant smoothing, though with
slightly better edge refinement. The smoothing degradation can be minimized with the
incorporation of residual blocks; however, additional residual blocks did not significantly
improve the network performanceagdicating the extraction saturation of the SAR features
within the training set.

Forthe CECGAN, combining adversarial | o0oss, cy
resulted in the highest GAN MSE improvement, while also aligning closer to the original
high-resolution patch variance and patch mean statistics. The average 5x5 patch variance
very closely matches the highsolution average patch variance, with the patch variance
MSE also aligning more closely compared to the-tegolution images. This indites a
preservation of the SAR scattering statistics within each patch, with similar scattering
distributions patctby-patch. Furthermore, the patch mean MSE improved by 57.0%

compared to the lowesolution images, indicating an overall improvement in théaring
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amplitude distributions. This network was also evaluated with expanding the number of
residual blocks to 18. This resulted in similar overall MSE and patch statistics, indicating
limited deeper feature extraction for the training image varigbilit

The CycleGAN without L1 loss and the GGAN with MSE loss instead of L1
loss both resulted in slightly lower alignment in patch variance and patch mean statistics,
and significantly lower MSE improvement. This indicates that the additional L1 loss
provides an important addition to the network loss for improving the accuracy of the
scattering mapping between the loasolution and higiesolution returns. The GAN with
adversarial loss and L1 loss, and no cycle loss, performed noticeably worse ingbe ima
metrics, 1D feature extractions, and with visual inspection, as the -ipgfzhich
distribution statistics resulted in significantly more inaccuracies. Similarly, too high of a
weighting factor forthecycle onsi st ency | oss, rBSEaligensent! t ed i
with the highresolution image, as shown in the AppenBixThis finding highlights the
benefit of an appropriately weighted cydtss for SAR paired datasets as means to
improve distribution mapping consistency.

As discussed in Chapter Bultiple lowresolution mappings to a single high
resolution imagean improvehe accuracy of the scattering points. Furthermore, additional
network improvements may be found by increasing the number edserturecaptures
with more diverse resolutioscales. Such a training set may provide improvements with
extending the network mappings to resolutions surpassing thedsghution training data.
Direct image comparisons and the 1D feature extractions for the best performing networks,

the CGGAN, RR-CNN, and RRResNet, are shown in kige4-9 and Figire 410.
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Figure4-9: Feature comparison example: Lé&¥esolution Image, HigRResolution Image,
RR-CNN, RRResNet, C&GAN with adversarial loss, cyclensistency loss, and L1 loss.
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Figure 4-10. Feature comparison example: L®&¥esolution Image, HigResolution
Image, RRCNN, RRResNet, C&GAN with adversarial loss, cycleonsistency loss, and
L1 loss.
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These results demonstrate that all three networks, th@ &€, RR-CNN, and RR
ResNet, can refine the large scattering features, with the peak separations better aligning
with the highresolution images. For Rige 49, the example 1D feature extraction
correlation of the lowresolution image to the higiesolution image is 92.1%, while the
CC-GAN, RRCNN, and RRResNet improved this to 97.9%, 98.0%, and 97.7%,
respectively. Similarly for Figre 410, the example 1D feature extraction correlation of
the lowresolution image to the higiesolution image is 87.2, while the G&AN, RR-

CNN, and RRResNet improved the correlation to 97.0%, 97.5%, and 97.0%, respectively.
In Figure 410, the CEGAN also follows the minor peaks more closely than theGRR

and RRResNet, indicating a greater sensitivity to minor scattering features, and a greater
preservation of the speckle behavior.

Therefore, the overall CNN and GAN results indicate that both modified
architectures can provide significant benefits during SAR enpgcessing; however, it is
important to recognize their notable differences on the SAR imaging effects, and the
limitations resulting from each method. The RRsNet and RRENN are recommended
for speckle and noise reduction, while the-G&N with adverarial loss, cycle loss, and

L1 loss is recommended for improved scattering resolution.

4.9 Amplitude-Domain Conclusion
Thenew highresolution complex SAR datases described in Chapterstippors
diverse and relevant deep learning analysis. This datassise of multiple subaperture

collections within the Fourier domain mapping to the higlesplution fultlaperture
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collections, which notably improgghe network performance. This data augmentation
method also adds greater generalization capabillichwwill be further explored through

new dataset and image resolution testing. Neural network modifications to better fit SAR
imagery were proposed for a RENN, RRResNet, and a paired @GAN operating
within the image amplitude domain. Baseline perfarogaresults demonstrate significant
image quality improvements compared to the low resolution zero padded input images,
with differing effects from each network.

The RRCNN, focused on residual mappings, provided greater speckle reduction
and feature conast. Additionally, the incorporation of residual blocks, within the RR
ResNet, further improved the network performance, and provides a means to expand
network depths for larger datasets when computationally feasible. In comparison;the CC
GAN with advesarial loss, cycle loss, and L1 loss, provided improved point separation,
reduced ringing artifacts, and preserved deeper feature extractions. The addition of the
GAN L1 loss and the cydleonsistency loss greatly improved the accuracy of the scattering
points and the submage patch mean and variance statistics. The application-GNRR
RR-ResNet, and C&GAN networks as optional filter layers during SAR image processing
could provide improved target scene characterization. Furthermore, these outputs may
provide improved inputs to Automatic Target Detection networks.

To improve SAR image assessment capabilities, new image quality metrics and 1D
feature extractions methods were explored, due to the limitations observed in extending
optical image metrics, oluding overall MSE calculations. The 1D feature extractions

provided improved scattering characterization, while the patch mean and variance statistics
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provided improved fulimage comparison metrics to the original foegolution and high
resolution imags, with the patch variances capturing the SAR scattering and interference
effects and the patch means capturing the overall feature trends.

Although promising results are achieved by the-RE&Net, RRCNN and CC
GAN networks, as modified for improved SA&nplitude processing, these learning
methods can be further improved by exploiting the additional phase information available
within SAR coherent collectionsvhich canoffer additional information on scattering
behavior. Therefore, this initial amplitud®main research provides the framework
necessary to extend these networks to support complerd inputs for further improving

SAR feature isolation and enhancement.
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Chapter 5
COMPLEX -DOMAIN EVALUATIONS AND PHASE CHARACTERIZATION

5.1 Introduction

This research blds upon the amplitudedomain SAR deep learningimage
enhancemengfforts described in Chaptdr Although promising results were achieved
with the initial amplitudedomain analysis, using variations of Convolutional Neural
Networks (CNNSs), Residual Netws (ResNets), and Generative Adversarial Networks
(GANSs), these learning methods can be further improved by exploiting the additional phase
information available within SAR Hphase and quadrature (I/Q) componerithis
research leverages tBensor Indepndent Complex Dataset (SICEBreated usin@apella
Spacebs commerci al SAR -m@éld, bsldestribes in Ghamer at i n
3. For each higkresolution image, multiple independent logsolution images were
obtained through subperture captures within the Fourier domain. This allows for multiple
low-resolution variations mapping to a single higisolution complex image, whichs
shown in Chapter 3¢an significantly improve the lowesolution data extrapdlan.
Additional details on the dataset creatamd pre-processing and the amplitudemain
neural network results cdie found in Chapter 3 and Chapter 4, respectively

Traditionally, the additional phase information within SAR coherent collecisons
disregarded due to its random appearance, in favor of focusing on the amplitude

information within ReaValued Neural Networks (RVNNs). However, by only using the
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amplitude information, potentially important details on scattering behavior and feature
separalhity are lost. Therefore, it is important to explore methods for integrating the full
complexvalued information within neural networks. While RVNNs can be extended to
process complex data by separating it into multiplevehled channels, these reaued
operations differ from the fulvave complexvalued extractions. Therefore, complex
valued neural networks (CVNNS) offer a means to preserve the congileed coherency
and statistical continuity throughout the network.

Limited deeplearning researchas been conducted within the complex domain of
SAR imagery; however, initial studies have shown significant promise in improving SAR
automatic target recognition (ATR) methods using complex valued CNNSs, including their
potential to outperform RVNNR3] [24] [25]. However, the impact of these networks on
image enhancement and phase characterization remains uncertain, and incorporating
complex inputs into neural networkmses several challenges. For example, although
CNNs can be adjusted to handle complex values, thdimeer activation function and the
loss function can introduce phase distortions dependent on the complex inputs they act
upon[23] [24]. Additionally, there are significant limitations with current complaued
SAR datasets, including resolution and featmdability. Therefore, complexalued
extensions of the CNN, ResNet, and GAN architestwiefined inChapter 4will be
explored to further improve SAR feature isolation and enhancement forraspéring
SAR imagery, as applied to a new diverse iggolution training set.

Speckle effectsas described in Chapterr2sult from multiple satters interacting

within a resolution cell, causy granular noise that corrupts both the SAR amplitude and
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phase information. While filtering methods can reduce amplitude speckle, they
traditionally cause a reduction in image resolu{@®]. Recently, neural networks have
provided promising results for reducing SAR speckle noise, including various CNN,
residual blocks, diffusion models, and GAN architectuassdescribed and evaluated in
Chapter 4 For example, researchdrave proposed new SAR denoising diffusion models
[8], conditional diffusion modelg], and residual attention networ€§, all of which show
promising results for impwving the balance between speckle noise reduction and scattering
preservation. However, these networks do not exploit the additional phase information
from SAR collections that directly relate to scattering behavior.

Incorporating the phase information calso improve SAR image enhancement
processing, as the phase behavior can provide key information that can distinguish between
scattering interference and feature interactions. This research provides a detailed
exploration of the phase derivatives and phetatistics resulting from CVNN analysis and
demonstrates the benefits of these techniques for improving SAR image processing. The
methodology for extracting this phase information is described in the following Phase
Considerations section. These learsingn also be extended to support supervised training
applications for object detection, automatic target recognition (ATR), and moving target
identification (MTI) algorithmsas evaluated in Chapter All of these methods require
further exploration to ést leverage the additional complex information within SAR

imagery.
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5.2 Phase Considerations

Due to the coherent nature of SAR collections, SAR imagery includes speckle
effects due to the interaction of multiple scatters within a resolution cell. Theseessatte
coherently combine to form the resulting return signal. This return signal may exhibit
constructive or destructive interference by the interacting scatterers, resultingliterabn
high/low returns. Therefore, the phase for each image pixel irckdegnificant random
component, which largely obscures the deterministic phase component resulting from the
scattering material and the distance between the scatter and the radar sensor. Traditionally,
image phase has not been found to be useful, umessssed with multiple collections to
cancel out the random phase comporieat measurement intensive process known as
interferometry. For singbok measurements, filtering the secamder statistics can
reduce the speckle effects; however, this atsalts in a loss of phase information and a
reduction in image resolutida7].

Statistically, within SAR collections, the phase will follow an apparent random
uniform distribution over-(L80°,180°]. This can be derived duethe real and imaginary
returns following normal distributions due to the Central Limit Thed&#h The ratio of
the real and imaginary components, two normal distributions, therefore results in a Cauchy
distribution. Accordigly, the phase is calculated from the inverse tangent of this ratio.
Since the inverse tangent of a Cauchy distribution is a uniform distribution, the phase
distribution for SAR coherent collection is traditionally expected to follow a uniform

distribution
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However, recently with the advent of higkresolution SAR imagery, nonlinear
phase modulations due to dispersive scatterers have been found to be statistically relevant.
These nonlinear effects result in phase modulations and delays that dependaogethe
type and operating conditioffi29]. Traditionally, the standard return signal,0 , from a
transmitted chirp can be written as the superposition of scattering returns across the group
patch. Prior to quadrature demodulation and low pass filtering, this return sigaalgcan
be written as Equation 5.fvhered is thesignal attenuatioiQ6 is the complex ground
reflectivity, u is the range direction coordinate,is the angular frequency, t is the receiver
time, T is the rounetrip time to the center of the ground patch, dnd the ground patch

delay[2].

io 6. Qo0Q Q0 (51)

For targets with nonlinear phase modulations, the time delay definedbycan
experence an additional delay induced by dispersive scatters that varies over the spectral
width of the chirp. This results in the phase delay definition also depending on the operating
frequency and target characteris{i28].

This nonlinear delay causes a strong sideband response that is distoNxrteaoh
area larger than that of the target. Conventional radar empirical analysis has already
demonstrated the importance of these nonlinear dynamics when characterizing backscatter

from manmade targets. Furthermore, these nonlinear effects have been shown to be
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significantly diminished for amplitude analysis, emphasizing the importance of retaining
phase information for improved SAR scattering and target characterig2@id30] [31].

To extract the phase modulations from the randomly apparent raw phase data, the
Phase Derivative Value (PDV) is calculated for each siluglk complex image usga
methodology derived by the National Geospditiatlligence Agency10]. First, a pixel
shift vector,d is defined to span the length of the complex image in the dimension of
focus. This vector is dependent on the pplehse shift estimate,, and the normalized

position vectorad within the image dimension, as showrEiguation 5.2

d qQ T (5.2)

A phase ramp vector[ spanning thémage dimensiowof focus is then defined in
Equation 5.3as the Fourier transformf ‘Qwith the zerefrequency component shifted to
the center of the array. This transformation is defined byfuhetion . The resulting
phase ramp vector provides as estimate of dselime phase modulation.
ir o d (5.3)
This vector is then repeated across the secondary dimension of the image. If the
phase gradient is calculated over the first dimension, then all columns of thenedmb

phase ramp matrix) , are identicalLikewise, for the phase gradient over the second

dimension, all rows ob are identical. This is shown EBquation 54.
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(5.4)
Additionally, in Equation 5.8he discrete fast Fourier transform is applied to the
complex image x in the dimension of interast,with a dimensional length af. This
uncompresses the data in the range or azimuth direction within the Fourier domain
collection surface. For a dimension of 1, as an example, this forms the Fourier transform

® of each columma

®Q B o&Q ~ (55)

Two shift matrices,’Y and"Y, are calculed through the inverse discrete fast
Fourier transform of the om#imensionally uncompressed image and the phase ramp
matrix, with"Y using the phase ramp matrix aitiusing the complex conjugate of the
phase ramp matrix. An example of this cé¢ion with the dimension of 1 for columi
is shown inEquations 5.6 and 5.7The combined vectors form two modified image

matrices using the phase ramp and its complex conjugate.

i ;2 O QM dhx ~
(5.6)

i f € ® QB dw ~

(5.7)
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The phase derivative image is then obtained through the product ahd the
complex conjugate matriX, as shown irEquation 33. This forms a compieimage,Q

with phase adjusted scaling.

"0 "YOY (5.8)

This image is then convolved with a filter matri@ with dimension® 0, as

shown inEquation 5.9For this analysis a fiér window size with) = 5is used.

o 0hQ 000 ® phQ o p

(5.9)

The convolution output matrixy, represents the complex image that has been phase scaled
and smoothed over the filtering window. Tiveal phase derivative matri®, , can then be
obtained by calculating thinur-quadrant anglef each complexalued data point, as

shown inEquation 5.10.

Ca
8.

(5.10)

A density remap, as shown Eguations 5.11 and 5.1B, then performed on the
resulting phase derivative matrix to improve the image contrast and reduce image

saturatior]10].
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64 — (5.11)

o 4l 1T ¢AD © al | crpzi A A0 (5.12)

In this caséO  represents thecalardynamic range, typically set to a value of 30,
and @ represents a contrastalarparameter with higher values increasing contrast and
lower values reducing saturation. This contrast parameter is typically set to value of 40.
Thedensity formattedmagematrix, ‘O, is then calculated based on these parameters and
scaled using the max and mean values from the input phase[itOhge

Following these calculations three example phase images are shbgorm 51,
which compare the raw phase data to the processed phase derivative data. These results are
calculated over the fagsti me r ange di mension, with a pix
5x5. The raw phase data appears random for all images; howevphase derivative data

shows distinct edge features for the ama&de targets, as shown in the top two images.
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Image Amplitude Phase Derivative

Phase Derivative

Raw Phase Phase Derivative

These results highlight the useful phase information possible within the complex
image domain, and the ability for phase derivative calculations to discern between natural
backgrounds and structured mawade targets, offering promising contributions for
classification and ATR applications. This additional phase information for target
characterization is lost when neural networks are designed to operate only with SAR

amplitude information.
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5.3 Neural Network Architectures

The neural network architectures consadefor this complex domain analysis are
based on the previous learnings from the SAR neural network amplitude domain analysis
describedn Chapter 4jn order to provide a direct comparison to RVNNs. As a result, a
ComplexValued CNN (CVYCNN) was evaluaté with modifications including residual
regression mappings, direct regression mappings, as well as the incorporation of residual
blocks. The residual regression network abBovor improved higheintensity
characterization within the amplitude domain natks; however, for the complesalued
networks the residual focus reduced the accuracy of the magnitude and phase components
due to sensitivity to the relationship between the real and imaginary components.
Therefore, the CMCNN and CVVResNet perform a dict regression mapping between the
low-resolution and highiesolution complexalued images. The baseline CNN network
evaluated consists of 20 convolutional layers with Rectified Linear Unit (RelLU)
activations, followed by a final regression layer. Thissvedso modifiedto consistof
residual blocks to evaluate the benefits &tesNetarchitecture. The residual blocks are
followed by a normalization and a ReLU layas described in Chapter 4

Additionally, a ComplexXValued GAN (C\*GAN) was evaluated wbh included
adversarial loss, cycleonsistency loss, and a similarity L1 loss between the generated and
target images. Even though the dataset is paired, the @yeséstency loss improved the
network accuracy by incorporating both the forward transfoomaand inverse
transformation. Due to the paired nature of the dataset the loss function can be further

improved with the addition of an L1 similarity lods. Chapter 4,his loss combination
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was shown to improve performance within the amplitude doma@ire C\W-GAN
architecture consists of an encoder module for dsampling with two convolutional
layers, six residual blocks with instance normalization, and a decoder module- for up
sampling with three convolutional layers. Additional network descriptindgparameters
follow RVNN architectures defineth Appendix A Expanding these network architectures

to support singkehannel complexalued calculations required significant modifications

as described in the Compksfalued Modifications section.

5.4 Complex-Valued Modifications
CVNNSs offer several advantages compared to amplitude domain RVNNs or multi

channel RVNNSs for complex number separation. Unlike these networks,-shagieel
CVNNSs preserve a direct relationship between the phase and magnituatetixgthieural
network calculations by correlating the real and imaginary components. -Shragiael
CVNNSs also result in a reduced number of network parameters, which improves the model
generalization. Complexalued CNNs, ResNets, and GANs require compigxed
convolutional layers, weights, activation functions, and loss function inputs. Due to these
unique calculations, modifications to existing neural network functions and features are

required to preserve the complealued dependencies.

A. Convolutional Layers

The CVNNs architecture resembles that of a RVNN, with similar convolutional

layer connections, except the numbers propagating throughout the network, and the
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operations employed on them, undergo specific modifications to preserve the complex
valuad information. The complex convolutions are implemented by multiplying and
summing the complex feature layers with the complex convolutional kernel weights. The
CVNN convolutional layers follow a compledomain extension of RVNN convolutional
layers, as sbwn byEquation 5.13in whichd is the convolution output and activation
function input for the& p layer,® is the activation function output from the previous
layer, 0 is the complesvalued weight coefficient within a kernel of size #&dis the

additional biagerm. P ando represent theespective real and imaginary compond&g.

(5.13)

B. Activation Functions

CVNNs also require modified activation functions to return comphdxed
activations for introducing nelinear mappings. Activation functions are typically
differentiable or piecavise smooth in order for backpropagation algorithms to propagate
weight updates while avoiding exploding or vanishing gradients. Preserving
differentiability over the points of interest within the complex domain implies that
activation functions must be lowhorphic, meaning they satisfy the Caudkgimann
equationg33]. However, holomorphic functions are limited in their use for-vedlied

loss functions, as any reahlued holomorphic function must be constant. Sincevalakd
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loss outputs are necessary, as comphiyed loss cannot be objectively optimized, this
limitation is overcome using Wirtinger calculus to provide differentiation for- non
holomorphic functions. This process transfers the activation fun®aninto the twe
variable functiof Q[ with its complex conjugatevhich is always holomorphic s
realdifferentiable[34]. The gradients can then be calculated by computing the partial
derivativeswith respect to the réand imaginary components as showiquations 5.4

and 515.

_ . _ o (5.14)

— - — (5.15)

The derivation for these calculations is provide[8#{. The Wirtinger calculus framework
supports the integration of a wider variety of activation functions, including variations of
the activationdinctions originally optimized within the redbmain.

The most common activation functions for CVNNs use a split design, meaning the
activation functions are applied to the complex components separately. This can be either
on the real and imaginary compaoris or the magnitude and phase components, as shown
in Equations 8.6 and 517, where, represents the activation functiain, the output
from the convolutional layer, and the feature output map for layer p.
Traditionally, the same #egation functions are applied to the real and imaginary

components, such that , , while separate activation functions are applied to the
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magnitude and phase components, often leaving the phase unch@hgéd symbol

represents the forquadant inverse tangent angle calculatif88] [35] [36].

a , P Q Q oq (5.16)

a ., A S A g " A (5.17)

Fully complex activation functions that are holomorphic have also been developed,
which act on the full complex number. This can include transcendental functiongssuch
the complexvalued extension of the inverse tangent. However, these functions are limited
in domain as they cannot be both fully bounded and analytic, as demonstrated by
Li ouvi | | 3637 CGommea maxifications of ReLU have also been evaluated
with limited success. The cardioid activation function derive{B8] provides a phase

sensitive complexalued extension of the ReLU, as showiguation 5.18

, @ -p AT7OX & (5.18)

Due to the importance of activation functions, initial evaluations were performed
comparing variations of complesalued split activation functions and the fully complex
cardoid activation function. For this research, the split ReLU functions, applied separately

to the real and imaginary components, and the fully cormpaéxed cardioid activation
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function provided the fastest convergence with the best performance. Thesgisong

are further explored within the Example Case section.

C. Normalization Layers

Instance normalization can improve the performance and efficiency of style transfer
networks, such as GANs, as showrCinapter 4 Therefore, a complexalued extension
of this normalization method was incorporated to spatially normalize across each complex
image throughout the GAN network. This methodology follows the whitening scaling
method proposed if89], which scales the complex zero ceatkimage data famusing

the inverse square root of the covariance matrias shown ifEquation 519 and 520.

#1 ®dakp a #1 6 alo &

o~ e~ (5.19)
#1 6 ap & #1 60 a

d o a Ma (5.20)

Similar to realvalued normalizations, a learnable shift paraméter,and a
learnablescaling parameter, provide the final complexalued normaliation, as shown

in Equation 5.21

O of o f (5.21)
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The shift parameter provides adjustments to the image mean, while the scaling parameter
provide updates to the image variance. Additionalaitieton the definitions and

initializations for this method are provided[88].

D. Loss Function

As described in the Activation Functions section, CVNNs still require a real valued
loss function to provide optimization due tetinability to perform minimizations within
the complex domain. Since this research focuses on improving the SAR ceralpied
image regression, the loss function is required to compare two congileed inputs and
output a realalued loss. A mean sqgua error evaluation of these compieaiued
matrices can effectively compare the amplitude response; however, this method ignores
the phase information. Therefore, the logarithmic error function proposgtD]inand

shown inEquation 522, was evaluated to incorporate the phase response optimization.

fl - i'|'§—§ %o %o (5.22)

This loss functionfl, compares the magnitude responses between the tarayed,
output, €, and their respective phase informatids, effectively minimizing both
magnitude and phase errors and improving convergence charactertasdess function
has shown improved performance for complakued regression optimizatiqB7] [35]

[38].
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5.5 RVNNSs vs. CVNNs Examples

TheCVNNs were designed to evaluate the benefit of compédxed networks for
improving SAR image enhancement and feature extraction. The baseline networks applied
the logarithmic error funabn and the RelLU split activation function on the real and
imaginary components. The fully complealued cardioid function was also further
evaluated for phase stability.

These results were also compared against the similarly designed and optimized
RVNNSs defined inChapter 4 The RVCNN is a residual regression CNN due to the
residual mappings ability to support higher variation differences within the amplitude
domain. This slightly improved the performance for the-vedled CNN compared to a
direct mappg CNN within the amplitude domaias shown in Chapter Blowever, in the
complex domain the mapping remains direct in order to preserve the coherency of the
complex data.

The statistical comparisons between the actual -fégblution data and the
modekd highresolution data were evaluated on normalized network outputs in order to
align the realalued and complexalued scales, while the final displayed images were
refined with additional image adjustment saturation (saturating the bottom 1% and top 1%
of all pixel values) to optimize the image contrast achievable within each result. This allows
for enhanced visual inspections. The optimized imagery results and the comparisons for
the RVV\CNN and C/CNN with ReLU split activation functions are shown iigute 52

for five example SAR chips.
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Figure5-2: SAR example chips comparing the FBNN with Residual Mapping to the
CV-CNN.

Through detailed visual inspection and comparisons between theéN®YVand
CV-CNN, the CVCNN was found to further improve speckle reduction and scattering
separations, while reducing blurring effects. This can be easily observed in the second
image, where the scattering returns from the POL tank are more refined from-GRIKV

compared to the RACNN. The third image also demonstrates improved edge definitions
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by the CVACNN that better align with the higtesolution image. Additionally, the GV

CNN further reduced the ringing artifacts from side lobbing effects, as notideathie
second and fifth image. The GUNN also resulted in improved image feature contrast
with the reduced speckle and a lower noise floor, which was further analyzed via 1D feature
extractions and a peak signal to noise analysis.

The 1D feature extractns were averaged over a 5 datapoint vertical window and
provide a useful representation of the scattering amplitudes and widths. An example 1D
feature extraction is shown in kige 53, with the extracted data centered around the red
line. The extractedata is compared for the original lengsolution image, original high
resolution image, and the model outputs from the-GNN and CVCNN. Two
comparison plots are includédone for the normalized output and one for the image
saturation adjusted outputs. Aan be seen ifrigure 53, the CVACNN results in a
noticeably lower noise floor with reduced speckle return compared to theesmlution
image and the RACNN output, while still sharpening the scattering returns to better align

with the highresolutionimage.
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Figure5-3: 1D Feature extraction example comparing-BMN with Residual Mapping to
the CV\CNN.

The C\ACNN with the cardioid activation function resulted in a similar reduction
in speckle andower noise floor; however, the scattering resolution was slightly less
refined. These results are shown in the Appefikor a direct network comparison, the
CV-CNN, with split ReLU activation functions, was also compared to aORNN with
direct regregsn mapping, rather than the residual mappiSgveral example image
comparisons are provided in Appendix While the direct mapping provides a slightly
lower noise floor than the residual RSNN, it reduces the scattering refinement. In

comparison, the Z-CNN provides an even lower noise floor with sharper scattering
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separations and greater peak to noise separations compared to both the direct and residual
RV-CNNs. This is further demonstrated in the 1D feature extraction comparison between

the RVACNN with direct mapping and the GENN, as shown in Fige 54.
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Figure5-4: 1D Feature extraction example comparing-BMN with Direct Mapping to
CV-CNN.

This analysis was also performed on the ResNet aatbies both in the amplitude
domain and complex domain. Full example image comparisons between tRedR\t
and C\fResNet are provided in Appendx Similar to the CYCNN, the C\/ResNet

further reduces the image speckle compared to th&B3Net, whilestill providing refined
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scattering separations. Edge definitions are also further defined and ringing artifacts
reduced. The 1D feature extraction example irufe®-5 provides a direct comparison
between the R\MResNet and CMResNet output. For both the/RResNet and C\ResNet

the residual blocks improved the scattering peak isolation, with more refined and deeper
scattering peak separations. However, theRBgNet still provides a greater reduction in

the image noise floor, with a significant decreasspeckle effects.
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Figure5-5: 1D Feature extraction example comparing-R¥sNet to CVResNet.
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This image analysis and visual inspection was also performed with tHeATV/
The example images comparitige performance of the RGAN and CVYGAN are
provided in Figire 56. While the RVGAN translates the speckle effects to better align
with the highresolution image, the GGAN further smooths the speckle noise, while still
improving the scattering resolah and reducing ringing artifacts. The background speckle
is noticeably decreased while the edge definitions are further defined, allowing for feature
scatterers and their image contrast to be more easily discernable. To further evaluate these
effects, tle 1D feature extraction for the @¥AN is shown in Figre 57. The CVGAN
provides improved peak to noise separations and reduces the noise floor, while still

improving minor scattering returns for the POL tank.
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Figure5-6: SAR example chips comparing the RBAN to the CVVGAN.
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Figure5-7: 1D Feature extraction example comparing the ®AN to the CVGAN.

For all neural network architectured) feature extractions were extended across
the entire image to evaluate the average 1D extraction Pearson correlation differences
compared to the higresolution data. The correlation and mean squared error (MSE)
metrics were evaluated across the normedliputputs, as well as the image saturation
adjusted outputs. Both correlation and MSE were considered, as correlation can capture
the general feature trends with directionality, while minimizing the impact of speckle and

noise differences.
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In this exampt, the CVNNSs all performed notably better than the RVNNs, with the
CVNNs providing more than a 7% increase in correlation to the-feigblution image,
compared to the RVNNSs. For this image, the-RMN with direct mapping resulted in a
lower MSE for the nonalized data compared to the €@KNN. However, further inspection
shows that this is due to the noise floor for the-CNIN falling beneath that of even the
high-resolution image, causing a greater MSE difference across the full image background.
This is futher confirmed by the lower MSE achieved by the-CNN for the saturation
adjusted image data. This demonstrates that th€ CWW 6 s gr eat er reduct. i
floor and speckle effects can be rofluential, or even detrimental, to the image
correlaton and MSE metrics.

Therefore, additional metrics are considered for evaluating the improvements to the
feature contrast and signal strength. The peak stgnabise ratioPSNR was evaluated
for each output using the highsolution image as a referen@il]. This is shown in
Equation 523 whered is the peak signal value for image a and is divided by the mean

squared error between the imagthe reference image

0YOY pri C—— (5.23)

In this case, a higher PSNR represents a higher peak signal and greater similarity
to the highresolution reference image. However, this metric does not account for the

additional smothing benefits observed by the CVNNSs, which can reduce the speckle noise
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below that of even the higtesolution image. Therefore, an additional metric is also
considered termed the peak sigtmmean ratio, PMR, as shown Hyuation 524. This
calculaton captures the peak signal strength in comparison to the average signal strength,

with a lower average signal strength correlating to a lower average noise floor.

00Y pul C— (5.24)

In this example, the CVNNSs provided slight increases in the CNN, ResNet, and
GAN PSNRs, and significant increases in the PMRs, respectively 30%, 50%, and 12%.
This indicates a notable increase in the peak signal to noise strength, while still aligning
well with the key higkresolution features. This highlights the increased smoothing affects
achievable by the CXCNN, resulting in a lower baseline noise floor.

In addition to image and feature enhancement, these networks were evaluated for
phase preservation to support improved feature identification. The conaleed outputs
from the CVNNs were processed through the phase derivative calculations defined by
Equaion 5.25.12. The PDVs were evaluated both in the fast time, or range direction, and
slow-time, or azimuth direction. The example image results are provided umneBi$8

through 511.
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Figure 5-8: PhaseDerivative Values for lowesolution and highesolution in fastime
(FT) and slowtime (ST).

CV-CNN ReLU FT CV-CNN Cardioid FT CV-CNN ReLU ST CV-CNN Cardioid ST

Figure5-9: Phase Derivative Values for GRNNSs in fasttime and slowtime.

CV-ResNet ReLU FT CV-ResNet Cardioid FT CV-ResNet ReLU ST CV-ResNet Cardioid ST

Figure5-10: Phase Derivative Values for GResNets in fastime and slowtime.

CV-GAN ReLU FT CV-GAN Cardioid FT CV-GAN RelLU ST CV-GAN Cardioid ST

Flgure5 11 Phase Derlvatlve Values for CBANSs in fasttime and slowtime.
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These results show tht#iie CVNNs successfully retain significant feature phase
interactions, and can even offer a significant improvement in the feature and edge
identification. In the CVCNN with ReLU activation functions, the random phase noise is
significantly reduced, howev, there are noticeable néteral side edges due to network
limitations in characterizing the edge phase coherency. The use of the cardioid activation
function removes these edge effects and provides greater phase characterization at the cost
of increasng the background phase noise. The-R&Net and CMGAN further extract
the fasttime ringing artifacts within the underlying phase information and improve the
edge phase characterization; however, their-$iowe response, while still improving upon
thelow-resolution response, is more muted compared to th€ M. The PMRs for these
images were evaluated to capture the phase characterization bandwidth. The PSNR does
not provide any meaningful evaluation as the phase derivative importance lies in the
charges and contrast providediot the magnitude alignment.

In this example, the CACNN provided a significantly higher phase derivative peak
to mean signal strength ratio compared to theresolution capture, with a 6dB and 9dB
increase in the fadime and slowtime, respectively. While, the lowesolution capture
provides minimal phase information above the noise floor, th&€GBW processing results
in a significant phase characterization increase that even surpasses thesadiigtion
phase characteation in both fastime and slowtime. The CVVResNet and CAMGAN also
greatly improved the phase characterization for thetii@m& dimension compared to the

low-resolution capture, and exceeded the PMR for theifasthighresolution captures.
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The phaseffects and complex number distribution were further analyzed for the
CVNNSs by assessing the real and imaginary separation on the complex plane. The results
for this example image are shown in digs5-12 through 515. The CVNNs converge on
solutions thamap the majority of the real components to positive values, implying that the

phase is contained within -h- .
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Figure5-12: Example image complex plane distribution for original d@solution and
high-resolution images.
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Figure 5-13: Example imag complex plane distribution for GENNs with ReLU and
cardioid activation functions.
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Figure5-14: Example image complex plane distribution for - ®¢sNets with ReLU and
cardioid activation functions.
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Figure 5-15: Example image complex plane distribution for @GANs with ReLU and
cardioid activation functions.

To further explore this effect, phase angle histograms were evaluated, as shown in
Figures5-16 through 519. Compared to the near uniform phase distributions for the low
resolution and highesolution captures, the complealue models output a Gaussian

phase distribution with values over the intervath- .
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Figure 5-16. Example image phase histograms for original -teaolution and high
resolution images.
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Figure 5-17: Example image phase histograms for-CMNs with ReLU and cardioid
activation functions.
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Figure5-18: Example image phase histograms for-R¥sNets with ReLU and cardioid
activation functions.
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Figure 5-19: Example image phashistograms for C\GANs with ReLU and cardioid
activation functions.

Diverging from the traditional highesolution uniform phase statistics, these results
provide beneficial processing effects, as the phase randomness is largely reduced for all
CVNNs. The CVNNSs are able to learn the underlying deterministic phase responses that
translate between the lem@solution and highesolution captures, whereas the random
phase components will be processed out due to the mismatch in scattering interference
betweerthe different resolution cell sizes. This is responsible for the significant reduction
in the image speckle effects and noise floor. The@NN with ReLU activation functions
results in a smaller phase distribution, which can limit the edge phase chzaticie
accuracy; however, it also allows for a greater reduction in the image phase noise. The use
of the cardioid activation function provides a slightly broader phase distribution that can
improve the edge phase characterization, due to its additigmate preservation
sensitivity.

The C\AResNet and CMGAN result in a broader distribution of phases compared
to the CVCNN, indicating that the addition of residual blocks can align the phase statistics

more with the higkresolution image. This results anlarger random phase component as
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shown by the greater phase variation in the PDV images compared to 1{68IRVAs a
result, no edge phase distortions are observed by the&€3Met and CVGAN.

Additionally, the loss function phase differential can resula preference for
smaller angles due to the phase discontinuity betwH&0f and 180°. Phasewrapping
techniques can be explored to minimize this effect; however, this can also affect the

optimization convergence.

5.6 Overall Comparison of Results

This CVNN analysis was extended to the entire testing dataset to capture the model
performance over a diverse set of complalued SAR chips. Data normalization was also
performed to align the scales for the realued and complexalued inputs and outputs.
This normalization modifies the raw amplitude metrics present&hapter 4due to the
sensitivity to the powerangebetween the noise and peak signal strengths, as this signal
separation influences the alignment between the normalizeerdsghution inages and
model output images. The normalized summary metrics are provided in5Faplehile
the image saturation adjusted metrics are provided in App&ndix

The overall performance comparisons also include additional SAR image metrics
defined inChapte 3 andChapter 4o further characterize the image and its higbolution
alignment. This includes the average variance over 5x5 patches within the image, and the
MSE for each patch mean and patch variance compared to the originaesadition

image. The overall image variance and patch variance capture the SAR scattering and
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interference effects, while the patch mean captures the overall feature trends relative to the

high-resolution image.

Table5-1: Normalized CVNN and RVNN overall performance metric comparisons.

1D Extraction MSE PSNR Patch Patch Patch Mean
Model Correlation Relative Relative PMR Variance Variance MSE MSE
Relative to HR to HR to HR Relative to HR  Relative to HR

High N/A N/A N/A  16.2dB 0.00112 N/A N/A
Resolution

Low 0.716 0.00294 28.4dB 13.9dB 0.00163 1.75e05 0.00153
Resolution

RV-CNN

Residual 0.747 0.00247 28.2dB 12.7dB 0.000475  1.30e05 0.00167
Mapping

RV-CNN

Direct 0.752 0.00179 31.8dB 15.2dB 0.000446  1.32e05 0.00101
Mapping

C\F/aj_'l\')N 0.766 0.00136 32.8dB 17.2dB 0.000319  1.45€05 0.000600
CV-CNN 0.757 0.00141 32.6dB 16.8dB 0.000336  1.44e05 0.000634
Cardioid
RV-ResNet 0.749 0.00223 30.5dB 13.8dB 0.000515  1.28e05 0.00142
CVF;F;EENet 0.770 0.00139 32.5dB 16.8dB 0.000367  1.46€05 0.000616
CV-ResNet 0.730 0.00192 30.7dB 15.0dB 0.000466  1.44e05 0.00106
Cardioid

RV-GAN 0.715 0.00217 30.7dB 15.1dB  0.00140 1.60e05 0.000761
C\F/afLﬁN 0.772 0.00184 30.1dB 151dB 0.000563  1.38€05 0.00101
%\;}giﬁi':‘j 0.764 000185 30.3dB 15.0dB 0000554  1.38e05 0.00100

These results indicate that the complatued extensions of these neural networks
can significantly improve the image quality and feature procg$smSAR imagery. The
CV-CNN and CVGAN both improved the correlation to the higésolution image, even
with that improvement being limited by the significant amount of noise within SAR

images. The MSE reduction, along with the increase in PSNR and &BtRindicate a
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significant increase in the signal density span in the com@kied networks, allowing

for improved signal extraction and contrast. Additionally, the lower patch variance results
from the improved speckle smoothing, while the lower patelan squared error signifies

the improved macro feature trends and signal strengths resulting from the CVNNSs.

In addition, to the SAR image quality metrics, the phase characterization was also
evaluated through the Phase Derivative Value calculationseTptesse responses were
evaluated using the peak to mean PMR comparison to capture the level of the deterministic
phase features compared to the random phase components. As shown 52T étdd ow
resolution image is largely dominated by the random ehasmponents, while the
complexvalued neural networks are able to significantly enhance the deterministic
components. The CVNNs even surpass the-hégblution phase features for the faste,
or range direction, response, indicating an ability to teotand enhance the key phase

gradientcharacteristics, while largely filtering out interference effects.
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Table5-2: Phase Derivative Value peak signal to mean signal strength comparisons.

Model PMR PMR
Fast Time Slow Time
High Resolution 6.16 7.50
Low Resolution 3.02 1.83
CV-CNN
RelLU 8.71 8.25
CV-CNN
Cardioid 8.50 7.84
CV-ResNet
ReLU 7.78 7.06
CV-ResNet
Cardioid 7.26 6.71
CV-GAN
ReLU 7.47 6.54
CV-GAN
Cardioid 7.24 6.54

5.7 Complex-Domain Discussion

In this research, CVNNSs, including CE@NNs, C\* ResNets, and CGANs
provided significant image processing improvements relative to similar RVNN
architectures, as demonstrated through detailed visual inspection, 1D feature extractions,
guantitative SAR imagenetrics, and phase derivative evaluations. The CVNNs matched
or exceeded the RVNN amplitude image correlations with the-feigblution targets,
despite reducing the noise floor below the higholution images, indicating an even
higher alignment with theritical feature segments. The CVNNs also significantly reduced
the normalized MSEs relative to the higgsolution targets, with MSE reductions greater
than 20% compared to the RVNNSs.

The selected CVNN architecture and activation functions can alsdicagly
influence the phase statistics and imaging effects. Th&€€ M and C\VResNet resulted

in the lowest overall MSEs and patch MSEs relative to the-tagblution targets, while
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the C\A\CNN provided the greatest signal to noise separations and spedutgion with

the ReLU split activation function. However, the fully complex cardioid function, with its
preservation of phase, can help to extract more minor phase characterization features at the
expense of image magnitude attenuation. Additionallg, réssidual blocks in both the
ResNet and GAN architectures resulted in larger phase distributions, which while useful
for the amplitude characterization, increased the interference present within the phase
derivative evaluations. Therefore, while CVNNSs esffpromising enhancements for
coherent electromagnetic processes like SAR, the network architectures and their resulting

phase sensitivities must be adapted for the specific application intent.

5.8 Complex-Domain Conclusion

These results establish that thearporation of complexalued numbers through
the neural network process can significantly improve and refine SAR imagery as viewed
in the amplitude domain. The preservation of the phase coherency throughput the neural
network enhances the deterministi@ape characteristics, while significantly reducing the
random phase interference, as the neural network learns to extract the phase gradients
fundamental to both the levesolution and highesolution training images. This in turn
significantly reduces themage speckle noise, improves edge contrast, and refines
scattering resolution.

The CVNNO6s deterministic phase statisti.
as shown through phase derivative evaluations. The CVNN phase sensitivities can exceed

eventhe highresolution targets, providing a means for extracting, and even enhancing, key
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phase characteristics that can improve mate object and edge detection capabilities.
Furthermore, the CVNNSs provide a notable increase to the signal response déttsity,
greater signal to noise separations, while still maintaining feature alignment to the high
resolution targets. This allows for improved scattering extractions with a lower noise floor
and greater signal response bandwidths. These findings haveiextiemglications for

SAR image processing, feature extraction, edge detection, ATR, and MTI applications.

The latter of which will be further explored @hapter 6
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Chapter 6
MOVING TARGET IDENTIFICATION AND PHASE CHARACTERIZATION
USING COMPLEX VALUED NEURAL NE TWORKS

6.1 Introduction

Ground moving target identification and characterization within synthetic aperture
radar collections pose significant processing challenges. In high ground clutter
environments, with high stationary scattering returns, these movgeggaran be difficult
to detect when target signatures approach the clutter floor. Furthermore, for moving
scattering points, the return energy is dispersed within the scene due to return signal
perturbations, causing smearing in range and defocusingssrange. This results in a
lower signalto-clutter ratios for moving targets compared to stationary targets. While
traditional SAR processing can result in a loss of characterization for these moving targets,
it also offers an opportunity to exploit tleedifferences within the compledomain of SAR
coherent collections for improved, and simultaneous, Moving Target Identification (MT]).

Numerous methods for improving SAR moving target processing have been
previously proposed, including clutter suppressitechniques, typically involving
defocusing and refocusing of the target image. Additional methods combining the use of
SAR and MTI techniques have been developed; however, such methods typically require
multichannel systems that include Along Track if@emetry (ATI), Displaced Phase

Center Antennas (DPCA), and Space Time Adaptive Processing (S#2JH%3]. ATI
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leverages the phase difference between separate channels to suppress statiterary clu
while DPCA focuses on the magnitude differential between multiple channels. The STAP
method filters the signal in both the azimuth and doppler domains, comparing spatial
variations from multichannel inputs, as traditional doppler filtering methedseifective

due to the collection platform movement dispersing the return clutter doppler spectrum.
While these methods have shown success in reducing clutter in support of MTI, they are
also limited to systems that support multichannel characterizatimftesn requiring
multiple antenna systems or separate operational modes. Furthermore, these methods are
still limited in their ability to detect weaker moving targets within strong clutter
environments.

More recently neural networks have shown great ®scda detecting and
classifying targets within SAR collections. The vast majority of this research has been
focused on SAR data processing within the amplitude domain, treating SAR imagery
similar to optical imagery, and using Ra#&lued Neural NetworksRVNNSs). The
coherent nature of SAR collections results in additional phase inform#iatnis
traditionally neglected due to its random appearanesulting from the interference
between scattering points within a resolution cell. Howeasrdiscussechi Chapter 5,
thesephase modulations can be induced by dispersive scatters varying over the spectral
width of the chirp. Conventional radar studies have demonstrated the importance of these
nonlinear dynamics when characterizing backscatter frommaate argets, and with the
advent of higheresolution SAR imagery, these nonlinear phase modulations become

increasingly more relevaf9] [30] [31]. Capturing this phaseformation can be of even
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greater importance when considering moving targets with more dispersed scattering
returns, which can further reduce the likelihood of detection within the amplitude domain.

For moving targets, traditional amplitude neural netwareslimited in detection
by the scattering amplitude compared to the ground clutter amplitude. The dispersion of
the scattering return across the doppler space, results in a lower return signal per processed
image resolution cell, which can reduce thelitkood of detection. Additionally, the target
movement during the collection results in inaccurate phase integration within the coherent
summation processing. While this results in a-tii@nal image of the moving target within
the amplitude domain, thephase patterns, captured within the complex domain, can help
to identify the location of moving targets when their amplitude signatures are dispersed
near the ground clutter floor.

While limited, initial deep learning research within the comsdexain & SAR
imagery has shown great promise for improving SAR image quality and Automatic Target
Recognition (ATR) methods. For exampie,Chapter Singlechannel CompleX/alued
Neural Networks (CVNNs) demonstrated improved SAR image quality within the
amplitude domain, as the incorporation of the phase information within CVNNs can
enhance the deterministic phase characteristics, while significantly reducing the random
phase interreference. This results in improved speckle reduction and greatetosimisé
ratios as compared to traditional RVNNSs. Initial studies have also shown promise in
improving SAR stationary ATR methods by incorporating compigixied operationg4]

[23]. However, significant cillenges remain on how to integrate singit@nnel CVNN

ATR architectures, including how to incorporate loss functions and target labels within the
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complex domain. This research has also traditionally been limited by the availability of
complexvalued SARdatasets for target characterization, including limited feature and
target variability.

Even less research has focused on the use of CVNNs for identifying moving targets.
However, the incorporation of both amplitude and phase information has shownan initi
ability to improve SAR MTI and refocusing accuracy for multichannel SAR sydqteths
This research extends upon these learnings to develop a novel CVNN approach for
identifying SAR moving targets, within singtdhannel SARcollections, with dispersed
scattering returns falling near ground clutter return levels. The neural network detection
performance is further evaluated across various moving target signatures, speeds, and
headings. This unique analysis was enabled thrthiglereation of a new moving target
dataset, synthetically generated based on traditional SAR collection and processing modes.
Furthermore, this research characterizes the impact of the phase contributions within the
moving target dataset through phasewdive assessments, highlighting the importance
of the phase information and demonstrating the ability for CVNNs to identify additional
moving target patterns.

For a comprehensive analysis within the comyalernain, these CVNN learnings
were further exteded to evaluate neural network performance within the Fourier domain.
The Fourier domain represents the uncompressed SAR return signals, while the spatial
domain represents the sceneds-baged fagures,x ref
derived from comlex-valued SAR images, have demonstrated benefits for SAR image

classification[45], previous research efforts have only considered the amplitude intensity
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values within RVNNs. Therefore, the compleaiued information within the
uncompressed SAR signals remains largely unexplored for comale&d neural network

training.

6.2 Moving Target Phase Considerations

Due to the coherent nature of SAR collectioting constructive and destructive
interference from interacting scattergihin a resolution cell cause a nbteral speckle
appearanceas defined in Chapter Zhese speckle effects, in addition to the background
clutter signature, make it more difficult to detect stationary and moving targets within SAR
imagery. The scattang interference also results in a significant randomization of the phase
characteristics, such that the raw phase information traditionally appears as noise. This
random phase component typically obscures the deterministic phase component caused by
the attering material and the distance between the scatter and the radar sensor, resulting
in the phase information being disregarded in favor of focusing on the amplitude response.

However, when this phase information is processed through a series of phase
derivative calculations, the importance of the phase component becomes readily apparent.
For exampleChapter Sapplied the Phase Derivative Value (PDV) methodology developed
by the National Geospatidtelligence Agency10] to a series of complexalued high
resolution SAR image samples, demonstrating the ability for phase derivative calculations
to discern between natural backgrounds and structureehmade targets. This research
extended these findings to capture the phafgmation available for training within the

new moving target dataset. Example phase derivative analyses for moving target samples
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are provided in Figre 61 and 62, where scattering representations of small moving ships
are injected into the SAR backgmd clutter. Note, the methodology for generating these

SAR samples for the moving target dataset is described in detail within the next section.

Image Magnitude Raw Phase Phase Derivative
Se—— S “",l"..»’ ;:. “’R ¥

Figure6-1: SAR example simulating a target inject mayiat 10 knots with (a) showing
the image magnitude, (b) showing the image raw phase, and (c) showing the image Phase
Derivative Value in the slovime (crossrange) dimension.

Phase Derivative

[ )

Image Magnitude

Figure6-2: SAR example snulating a target inject moving at 19 knots with (a) showing
the image magnitude, (b) showing the image raw phase, and (c) showing the image Phase
Derivative Value in the slostime (crossrange) dimension.

Due to the background clutter and the range @dopmpler target modulations, the

amplitude responses for the small ships can blend closely within the surrounding ground
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clutter or be difficult to discriminate at faster speeds. While the raw phase data also appears
random, the PDV calculatigrare able toclearly distinguish between the background
natural clutter and the manade moving target. This highlights the importance of
including the phase information, especially when dealing with target detections near the
ground clutter level.

In addition to denonstrating the importance of phase information for ‘maadle
targets,Chapter 5also demonstrated the ability for CVNNs to improve and refine SAR
image quality as viewed in the amplitude domain. CVNNs trained to improve low
resolution SAR image quality werble to learn the phase gradients fundamental to both
the lowresolution inputs and highesolution targets, resulting in significantly higher
deterministic phase responses for maede targets. To demonstrate this effect, moving
target patches were tedton the SAR image enhancement ConyMatlued Convolutional
Neural Network (CVCNN) developed inChapter 5 This network was trained with a
diverse dataset of Capella Space SAR collect[@hsAn example result for a moving
target patch is provided in kige 63. Note, both images were refined with additional
image adjustment saturation (saturating the bottom 1% and top 1% of all pixel values) to

optimize the image contrast achievable within each result.
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Figure6-3: SAR example moving target chip with (a) showing the original SAR image and
(b) showing an image enhanced ©WN output.

The C\ACNN network was found to reduce speckle effects and enhance the target
to-clutter cortrast for the SAR outputs, as viewed in the amplitude domain. TREIN
notably reduces the clutter noise floor due to the reduction in the random phase
components, resulting in less phase interference. TRERN processed moving target
images were furdr assessed through PDV analysis, showing enhanced phase
characteristics for improved mamnade object edge detection capabilities. These results,
both in the slowtime (crossrange) and fadime (range) direction, are provided ilg&res

6-4 and 65.

Figure6-4: SAR example moving target PDV in slewne with (a) showing the original
PDV output and (b) showing the @¥NN processed PDV output.
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Figure6-5: SAR example moving target PDV in fashe with (a) showing the original
PDV output and (b) showing the G¥NN processed PDV output.

For cases in which the PDV response is low for the original SAR chip, the CV
CNN is able to further isolate and enhatite key phase gradient characteristics, resulting
in a much clearer separation between the target edges and the clutter background. These
results demonstrate the importance of the phase component within SAR target detection
methods and demonstrate the ligbifor CVNNs to extract greater targai-clutter
signatures for both the amplitude and phase response characteristics. This research
continues to build upon these learnings to develop and employ an original CVNN tailored
for moving target identificationIn order to capture numerous target speeds, headings, and
signatures, a new complelued SAR dataset was created with simulated targets injected
into the complex phase history data spanning various operational parameters. The creation

and evaluationfathe SAR moving target dataset is described in the following section

6.3 MTI Dataset Generation
Due to the extensive dataset requirements needed for deep learning analysis, and
the limitations of existing SAR collections capturing known moving targets, a new

synthetic dataset was developed for characterizing moving targets. The simulated moving

113



targets were injected into the Compensated Phase History Data (CPHD). This required the
simulation or selection of target scattering templates that were then addmatho
pulse/sample, so as to superimpose the target within the collection scene. This
methodology follows the SAR signal model developed by the Air Force Research
Laboratory and described [#6], where the received radar signabht from a target is

defined inEquation 61 for a given frequency sampfe, and transmission pulse,.

Yot 6 ot Agp— L 61)

The amplitule of the return signab, "Qft , depends on the radar cross section of
the target, while the phase will vary based on the frequency and differential¥ahge,,
which represents the differential distance between the distance froamtémena phase
center to the target and the distance from the antenna phase center to the origin. The final
CPHD is generated using the combined receiver output, summing the contributions of all
scatters, including the moving target, within the scene. Auhdit information on the
imaging process can be found[46].

For moving targets, the target speeds and headings were also projected into the
signal response to update the target points throughout the collection extenbrsdigiti
each pulse range return accounts for the
providing the simulated azimuth displacement. The doppler frequency shift follows
Equation &, where the received frequend, depends on the transmdtéequency;Q,

and the velocity of the target in the range directian,.
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N p — 0 (6.2)

Since traditional SAR imaging modes are inherently focused on processing
stationay artifacts. These stationary returns dominate SAR data clutter and pose a
significant challenge for extracting natationary signals near the clutter ground floor.
While a stationary target may be readily apparent when its signature is greater than the
surrounding background, when this target is put into motion during the SAR collection, it
results in a notiteral smear within the SAR image due to azimuth defocusing from the
targetds radi al -raage veborLitg and tange smeaaimgdrasoiadial s s
velocity[47]. This signature dispersion, in addition to Doppler frequency shifts beyond the
azimuth passband, attenuate the peak intensity of the target signature. Additionally, a
displacement of the moving targettwn the SAR imagery results from any velocity in the
range direction, which causes a Hiaral crossrange displacement proportional to the
radial velocity of the target towards the antenna.

Example SAR images demonstrating these effects are providedure 66 and
compare a simulated stationary target to the same target moving at progressive speeds
within the greater collection scene. With the target motion, the dispersed target signature
starts to fall beneath the background clutter. This is fudbenonstrated via a 1D feature
extraction comparing amplitude responses in along the-caoge (xaxis) direction, as
overlaid with the shifted target response, where the high reflectivity response for the
stationary target diminishes with target moveindhe feature extraction averages across

a three datapoint window within the range dimension.
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Figure6-6: SAR example simulating a small stationary target inject (a) compared to the
sametarget inject moving at 20 knots (b) and 40 knots (c) with a heading of 45 degrees.
The 1D Feature extractions are performed along the-cangg direction centered around

the line shown in images f), spanning the full collection extent and overlayivith

the shifted target responses.

For the neural network inputs, synthetic CPHD files were generated based on

generic Spotlightnode collections with a grazing angle of 50° and an azimuth extent of
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