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Abstract

All optical systems that operate in or through the atmosptsiffer from turbulence

induced image blur. Both military and civilian surveillacgun-sighting, and target
identification systems are interested in terrestrial imggover very long horizontal

paths, but atmospheric turbulence can blur the resultirmgeaa beyond usefulness. My
dissertation explores the performance of a multi-frameebtleconvolution technique
applied under anisoplanatic conditions for both Gaussiad Boisson noise model
assumptions. The technique is evaluated for use in reemtistg images of scenes
corrupted by turbulence in long horizontal-path imagingrsgios and compared to
other speckle imaging techniques. Performance is evaluatethe reconstruction of a
common object from three sets of simulated turbulence diegramagery representing
low, moderate and severe turbulence conditions. Each smsisted of 1000 simulated,
turbulence degraded images. The MSE performance of thenagsti is evaluated as a
function of the number of images, and the number of Zernikdgrmmial terms used to

characterize the point spread function.

| will compare the mean-square-error (MSE) performancepeickle imaging methods
and a maximum-likelihood, multi-frame blind deconvolutigMFBD) method applied
to long-path horizontal imaging scenarios. Both methods @sed to reconstruct a

scene from simulated imagery featuring anisoplanaticulerice induced aberrations.
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This comparison is performed over three sets of 1000 simdlahages each for low,
moderate and severe turbulence-induced image degraddtiecomparison shows that
speckle-imaging techniques reduce the MSE 46 percent, AZmeand 47 percent on
average for low, moderate, and severe cases, respectisgly U5 input frames under
daytime conditions and moderate frame rates. Similary,MiBD method provides, 40
percent, 29 percent, and 36 percent improvements in MSE erage under the same
conditions. The comparison is repeated under low light dan (less than 100 photons
per pixel) where improvements of 39 percent, 29 percent &mkBcent are available using
speckle imaging methods and 25 input frames and 38 percémer®ent and 33 percent
respectively for the MFBD method and 150 input frames. TheBRFestimator is applied

to three sets of field data and the results presented. Fiaatlynbined Bispectrum-MFBD

Hybrid estimator is proposed and investigated. This teqimconsistently provides a lower

MSE and smaller variance in the estimate under all threelatediturbulence conditions.
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Chapter 1

Introduction

Every optical system using light that has propagated anyeapgble distance through
the atmosphere will suffer, to some degree, from turbuléndaced phase aberrations.
In addition to phase errors at the aperture, light propagativer longer distances, or
through stronger turbulence, will cause images to suffanfanisoplanatic, and possibly
scintillation effects as well. Often the image blur indudeyg these phase aberrations
is the limiting factor in the ability to recognize details objects in the scene. Unless
the seeing conditions are very favorable, anisoplanatisindeminate most practical

horizontal imaging situations. The resulting distortiorl imit the performance of any

optical system operating in such a turbulent atmosphezguéntly causing the observed

scene to be blurred beyond usefulness[1].



Many strategies have been proposed to estimate the true oam turbulence corrupted
images. All of them represent a compromise between how twittle technique
converges to a solution, the accuracy, and robustness ofetifeique. Quick and
accurate convergence under a wide range of atmosphermgseanditions, regardless of
the scene illumination, while remaining transportable bsiragle operator are desirable
characteristics. Commercial and military systems mustalielatively unsophisticated
users to operate the system successfully. Power and gdaytabnstraints may eliminate
image processing systems that require additional hardwayend the basic imaging
system. In addition, remotely piloted surveillance systenust transmit images to remote
users over wireless channels that have limited bandwidth.a Aesult, currently fielded
surveillance systems compress images prior to transmig&jo An image processing
system that could reconstruct images corrupted by turlelgmior to compression and
transmission would allow such systems to make more efficisatof available bandwidth.
The potential benefits of real-time, or near-real-timehtlgnt image processing hardware
for long-range surveillance and weapons targeting arecgerfti to motivate significant
commitment of both time and money to their development. H@requantitative
comparisons between potential candidates are necessacpnfadently decide on a
preferred processing algorithm. Thus, effort must be tietoward the examination and

selection of computationally efficient and robust imagerestruction techniques.

A variety of techniques including speckle imaging, adaptieptics, and iterative

multi-frame blind deconvolution have been devised to adritbe turbulence induced



phase aberrations in vertical imaging applications. Lakeyriginally proposed the use
of short-time exposure images to recover the intensity oblaject’s Fourier transform
[3] while acknowledging that without the object’s phasectpan, an image of the object
could not be reconstructed. Ayers and Dainty [4], amongrstH&] determined that near
diffraction-limited phase information could be recoverfeoin multiple speckle-masked
images through the use of Knox-Thompson or triple correteéind bispectrum techniques
[6]. The recovered phase and intensity information are usedeconstruct nearly
diffraction-limited images of astronomical objects withdhe need for a point source

within the isoplanatic field.

Adaptive optic strategies using wave front sensors to obdeformable mirrors have been
used in celestial observation systems for many years [7¢ IDmtation to adaptive optic
systems is that they only correct well over a few multipleshe isoplanatic anglefy,
which will be defined later in Section 1.1. Common horizorgatveillance scenarios
observe extended scenes that cover many tigeJechniques that apply a known phase
term to the captured image) [8,9, 10] have also been usedsaitie success. Paxman and
Schulz explored this problem by creating phase diversitgsscmultiple speckle images.
This technique uses two simultaneous measurements - acurs-fmage and another with
a known degree of defocus applied before the second measnresntaken[11]. This
technique is limited to fields of view that do not appreciabkgeed the isoplanatic angle
existing at the moment the image was captured, require sttt hardware, and divide

signal energy between two detectors.



Post-detection processing of wide field of view images a&gtwith short-exposure times
is another alternative. Fraser et al, described a techrimugoint-by-point registration
of anisoplanatic speckle images to reduce motion blur aeggre the images for other
deconvolution strategies[12]. The use of these strategigsgrveillance imaging is largely
unexplored. Blind deconvolution techniques have also begplied to reconstructing
turbulence corrupted images. Ayers and Dainty pioneeredafiplication of an iterative
blind deconvolution technique to a single image degradedatnyospheric turbulence
[4]. Schulz extended that method to include multiple inpuages and developed a
penalized-maximume-likelihood algorithm to avoid the iaivsolution that incorrectly
concludes that the optical system’s PSF is a Dirac deltatiomand the most likely
object estimate is the observed turbulent image[13].a.itbrk has been done to compare
the performance characteristics of the MFBD and specklegingatechniques under

anisoplanatic conditions.

Hybrid hardware-software strategies offer the potentiaptoduce on-the-fly estimates
of scenes but require substantial investment in both haelwad software to produce
results [14]. Carrano proposed the use of speckle imagingndazontal imaging![15]

and EM Photonics has developed an embedded system usirgctireque to reconstruct
turbulent images over horizontal paths in near real fime[1Both Carrano and Bos
ignore anisoplanatism in their processing but nevertsgieeduce reconstructions with
reduced error[1]. Bos and Roggemanh [1] have reported thefusoftware reconstruction

techniques using the bi-spectrum method in nearly reat-tim
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Figure 1.1: Imaging Problem

1.1 Atmospheric Turbulence

| begin the discussion by examining some assumptions riggatide horizontal imaging
problem. Since the days of Newton, we have known that theugso available to an
imaging system is limited by atmospheric turbulence. Whensun shines on the earth,
energy is transferred into the soil and the atmosphereingeiat The resulting convection
results in volumes of warm air rising and cooler air fallicggating vortices and eddies in

the atmosphere. We experience this random turbulent fluddkwind.

1.1.1 Kolmogorov Turbulence

Kolmogorov [17] proposed a model for the random turbulenivfio the atmosphere.

He described the transfer of energy from the sun to larges soations,Lg, that can be



continental in extent and have very large Reynolds numbEng Reynolds number is a

dimensionless quantity that relates inertial and viscoasgy in fluids.

Re= Waug (1.1)
ky

wherevayg is the average velocity of the volume, akgis the kinematic viscosity of the
atmosphere antlis the scale size. Inertial energy is transferred to smaltel smaller
scale motiongg, which can be as small as a few centimeters, with increasisiglall
Reynolds numbers. When the Reynolds number is large, atmedspmotion is dominated
by inertial forces; and is turbulent. When the Reynolds nenidblow, atmospheric motion
is dominated by viscous forces and the motion is smooth. Tinenkatic viscosity of the
atmosphere ik, = 1.5 x 10~°m?/s. For scale sizes of 1 meter and average wind speed of 1
m/s the resulting Reynolds numbeRs= 6.7 x 10°. This is large enough to ensure that the
atmosphere is nearly always turbulent. As the scale of tm@sgpheric volume decreases,
the Reynolds number falls below a critical value and thegnerthe volume is dissipated
in the viscosity of the atmosphere where it appears as hdaharatmosphere is no longer
turbulent[17]. Kolmogorov refers to the scale sizes betwtbe large scale and small scale
as the inertial sub range. It was assumed that in these iegibare the radial separation
between points satisfies the relationship < r < |, that the statistics of the turbulence
are independent of position, furthermore, that the vagaara higher statistical moments

depend only on the radial separation between points in tliene



1.1.2 Index of Refraction Structure ConstantC?2

The temperature differences in these eddies create earsatn the atmospheric index of
refraction. The atmospheric index of refraction can be diesd as the sum of the mean

index and a randomly varying term.
n(F) = no+ny(7), (1.2)

whereng is the average index of refraction ang(r) is a random fluctuation in the index
that is a function of the radial distance. Turbulent eddresvalumes of atmosphere that
have uniform indices of refraction. Small changes in theeindf refraction accumulate
over long paths through the turbulent eddies in the atmaspred contribute to significant
image degradation. The spatial distribution of these exddiedescribed byDn(R); the
spatial power spectral density of njf(R), wherek is a spatial vector with three orthogonal
componentgky, ky, k;). The scale sizes of the turbulent eddies are giver;(byi—’;,ly =
2

i—f,lz = k—’ZT For homogeneous and isotropic turbulerﬂ:e(ﬁ) is a function of the scalar

wave numbel[18],
/=2 -2 =2

and the isotropic scale sités related to the scalar wave number%z



This turbulence reaches its maximum in the early afternoonvaries with terrain features.
The simulated images used in this study were created unéeaghumption that the
propagation occurs over horizontally homogeneous caditiith both the scene and the
imaging system immersed in a turbulent atmosphere; thanthging path height above
ground does not vary significantly and that the roughnessoétsiral features at any one

place along the propagation path look similar to those atodimgr spot/[19].

Kolmogorov theory does not predi®, (k) either for large scale motions, wheke: f—g or
for very small scale motions wheke> 2|—Z)T However, between these two regioﬁg,g k<

Zl—éT, Kolomogorov theory predicts that the spatial PSD is givgn b
®n(k) = 0.033C2k1V/3, (1.4)

where C3 is the index of refraction structure constant. lts dimensiarem=%/3 and
it has been referred to by Hufnagle as the single most impbttabulent atmosphere

characteristic for optical designers [20].

The atmospheric coherence radiug,is commonly used to define the resolving power of
an imaging system in terms of an equivalent diffraction tedisystem’s radiug.g relates

the index of refraction structure constant and the lengtthefpropagation path, and is



defined by Fried for spherical wave propagation[21][18] as
3/5
471 /

ro = 0.185
K2 fk (52) %P c2(2)dz

(1.5)

whereA is the mean wavelength, the wave numker 2)\—" andAzis the distance from the
scene to the imaging aperture. The limits of the integraframa z= 0 at the pupil plane to
the scene at = L. For purposes of this study it is assumed that in Equalids) that the
refractive-index structure consta®g is constant over paths that are horizontal or at shallow
angles from the aperture [19]. It is further assumed thasthrength of the turbulence is

such that scintillation effects can be neglected.

1.1.3 Anisoplanatism

Under isoplanatic conditions, the light coming from allipisiin the scene can be assumed
to experience similar turbulence induced changes in theostheric refractive index,
and thus similar phase aberrations. The isoplanatic aigie the angular separation
between point sources for which the phase changes at theuspean be considered to

be significantly decorrelated. Using Fried’s [22] defimti@r the isoplanatic anglé,,

6o = (2.91K2CZAZ5/3))(=3/5) (1.6)



However, in many near-surface surveillance imaging seéesait is reasonable to assume
that the field of view of the imaging system will subtend anlangide enough that this
assumption will not be valid. In this case we describe thevivig as anisoplanatic. Figure
[1.2 shows the the effect of anisoplanatism on three sepawatts in the object as spherical
waves propagate through two layers of turbulent atmosphigre longer the optical path
length, and the stronger the turbulence, the more sevese thigerrations become, and
the isoplanatic angle decreases. Increasing the size afpéeure will not improve the
quality of the image under anisoplanatic conditions, anttasithe seeing conditions
are very favorable, anisoplanatism will play a role in mostgtical horizontal imaging

situations. Some technique for reducing the effects ofogtésatism is needed. The data

\ane
La®
oo

Figure 1.2: Anisoplanatism

sets simulated for this work can be categorized by the vall@gofor the low turbulence
conditionC?= 2.25x 10~ 1*m(~2/3), for the moderate conditio?= 3.75x 10~ 1*m(~2/3)

and for the severe conditioB?= 5.25x 10-1“m(=2/3), A complete description of the
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simulator used to create these data sets is availallelin [23]

Under isoplanatic conditions, it can be assumed that thgéniamation can be modeled
in the spatial domain as the convolution of the atmosphesintgspread function (PSF)

and the object intensity distribution.

i(%) = 0(X) *h(X), (1.7)

whereX; is a two dimensional coordinate in the image plane, af¥l) is the image of
the object predicted by geometrical optics. The assumplianthe point spread function
is shift-invariant does not hold under anisoplanatic ctods. Figurd 1.8(a) shows a pin
cushion image that has been propagated over 10 km under vehadrssidered in this work
to be moderate turbulence conditions. Figurée 1.3 (b) shopairat spread function from
the upper left quadrant of the image, and Fiduré 1.3 (c) ismftlee lower right quadrant.
The basic structure and spatial shift of both is similar, bt "corona”, the area around
the central bright spot is subtly different. There is somgpsut for the conjecture that the
point spread function recovered by the MFBD processingasetly related to the spatial
average of the individual PSFs. Recall that the incohereint gpread functioh(X;) is the

modulus squared of the coherent point spread function.

h(%) = g(%)” (1.8)
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Figure 1.3: Anisoplanatic Pincushion Point Spread function. Figune (a
shows a pin cushion array of point sources corrupted undeterate
turbulence condition. Figure (b) shows a 22 x 21 pixel extraentered
on the pixel location (30, 30). Figure (c) is a similar extraentered on
location (230, 70)

where the coherent point spread function is given by

g(x) = ZAeje(fP)ej T (oxp) (1.9)

Xp

whereA is a binary aperture function whose value is zero outsidefiegturexj, is a two
dimensional coordinate system in the aperture plane, awldperator represents the inner

product, and

0(Xp) = z @(Xp) Ok (1.10)

The phase termd(X,) represents the accumulated phase perturbation in theuepeftthe
imaging system, decomposed to a linear sum of orthonornsis$ fianctions g (Xp), and

ay are the weighting coefficients for each term and image. Thdutug of the optical
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transfer function is very small, but non-zero, for spati@quencies greater thaf%z,
causing the turbulent atmosphere to act like a low pass, fliteiting its ability to resolve
small features. Zernike polynomials are a convenient skeasifs functions commonly used

in describing classical aberrations in optical systems.

1.1.4 Zernike Polynomials

Zernike Polynomials are an infinite set of polynomials theg arthonormal on a unit
circle [24], [25] [26], and separable functions of the radiyand the azimuthf. They

are germane to this dissertation because they enable agmoighexpansion of the wave
front phase term over the aperture of the simulated imagiatem. The two dimensional

Cartesian coordinatescan be mapped onto polar coordinates as follows:

Figure 1.4: Cartesian coordinates mapped onto polar coordinates
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X = rcog0)

y = rsin(0)
ro= VxX+y?
6 — tan_lz—(/ (1.11)

aeven(r,8) = +/n+1R7(r)cogmo)

m#0
@odd(r,0) = n+1R7(r)sin(mo)
@(r,8) =RMrm=0 (1.12)
The radial functiorR(r) is defined by
S (—1)3(n—y9)!
n(r) = _ " n—2s
)= s;) {s![(”;m)_s]![(nzm)_s]!}r : (1.13)

The Zernike terms are ordered by the non-negative integethe azimuthal order, and
n the radial order. These satisfy the conditions tmat. n andn— mis even. One of
the advantages of Zernike polynomials as a basis set is lisgct forms exist, and that
the lower order terms relate to classical abberations. ¥amele, following the ordering
defined by Noll[[7] the first Zernike modeg, is referred to as piston, the second and third
@, @3 are tilt in thex andy directions, themfourth is defocusgg and g components of

astigmatism.
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1.2 Method

In my dissertation, | propose a method of estimating an eddnobject from both
simulated and actual turbulent images under anisoplanatiditions using a non-linear
optimization technique. The BFGS optimization algorithmamed after is co-creators,
Broyden, Fletcher, Goldfarb, and Shanno, is a quasi-Naamamill climbing method. The
technique begins at some arbitrary initial point on a cogase. Using the first derivative
of the cost function, in this case the log-likelihood functiparameterized by the object
intensitieso(X) from Equation1J7, and the coefficients of the Zernike poigiads oy

in Equation 1.10 that is developed in Chagter 2, the algaritiecides on a direction to
move along the surface. The estimate is updated with newesdlr object intensities
and Zernike coefficients and the process begins again. Toeegs continues in the
direction pointed by the gradient until the cost begins tréase again. Knowledge of
the second derivative, the Hessian matrix, assists in m@terg the location of a local
minimum by slowing the descent as the value of the Hessiaredses. The BFGS method
does not require an explicit expression of the Hessian, Usecé estimates the Hessian
by maintaining recent updates to the gradient. BFGS is natajieed to find a global
minimum for the cost function. It is possible for it to becotm&pped in a local minimum.

| will explore the performance of the estimator by varyingeific parameters and compare
its performance to speckle imaging techniques in order meg@mmendations for further

investigation and investment of resources. The estimadsigd characteristics varied in
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this exploration are:

Noise Model - The turbulence is assumed to follow either Gimmsstatistics, or for

the low light cases, the Poisson noise model

N - The number of input frames applied to the estimator. Ingsimates

N; - The number of Zernike polynomial terms used to charactdhe phase term of

the Optical Transfer Function.

¢ N; - The number of iterations allowed to the optimization roati

The characteristics of the input images

e Padding - The amount and nature of the padding applied to the inpug@sa
Included in this category is the application of any windogvito the image and

padding.

e Turbulence - Estimator performance is evaluated over three levels difutence
strength described in this work as Low, Moderate and Sevifrat result in

correspondingly blurred images.

e llumination - estimator performance is evaluated under three incrggsphoton
starved conditions, Mean Photon Rate 208, 1 x 10, and 5x 10°. Performance at

each light level is evaluated under all three turbulencelitmms.
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1.3 Summary of Key Results

| found that the MFBD reconstructed images showed significaprovement in mean
squared error(MSE) compared to the average MSE. For thesi@ausoise model case the
improvement in MSE was 40 percent for the low turbulence cagey as few as 14 images
and 30 Zernike coefficients in the reconstruction, 25 pdré@nmoderate turbulence,
and 36 percent for severe turbulence case. Parametric sfuiliye number of Zernike
terms useful in reconstruction showed that using more tbaeBns did not meaningfully
improves the MSE. For the Poisson noise model the estimatprined a minimum of 50
frames to achieve significant improvement over the avera§& MReconstructed objects
showed as much as 38 percent improvement in MSE using 17%$&a@and 30 Zernike
coefficients in the reconstruction. These results wereigldl in Optical Engineering.
[27] When compared to the Bispectrum technique, the MFBDnedor did not perform
as well either in overall MSE or in processing time. HoweWesm a qualitative point
of view, the reconstructed images present a better appmatanthe human eye than
those reconstructed using Bispectrum. The hybrid BispettMFBD estimator use of
a Bispectrum as an initial guess for the BFGS estimator gex/iimprovement in the
overall MSE as well as smaller variance, regardless of howyniaages were used in
the reconstruction. Portions of these results have beelispal in the Proceedings of the
2013 SPIE Defense Systems and Sensing conference and egetigunnder peer review

with the Optical Engineering Journal.
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1.4 Organization

The remainder of this paper is comprised of two journal Esicone of which has
been accepted for publication by the editors of SPIE Optadineering and the other
is under peer review with the same journal. Chapier 2 refersReconstruction of
Long Horizontal-Path Images under Anisoplanatic condgi®sing Multi-Frame Blind
Deconvolution” published in Optical Engineering, July 301n the paper | describe the
algorithm and use it to reconstruct images under both Gassid Poisson noise models
under a variety of turbulence and illumination condition€hapter B is derived from
"A Comparison of the Mean Squared Error Performance of Spemkd MFBD Image
Reconstruction Techniques Under Anisoplanatic, Long ttorial-Path Imaging.” which
has been accepted for review by Optical Engineering. Indnhpare the MFBD estimator
performance to the Bispectrum technique for image recoctstn. Chaptell4 includes a
demonstration of the MFBD estimator’s performance agdietd data. In Chapterl5 |
present a strategy to provide the MFBD with an initial estert@ased on the output of the
bispectrum estimator. The content of Chaplelr$ 3,4,[éand & haen accepted by Optical
Engineering pending peer review. Chapter 6 summarizesritligs in my body of work

and sets the stage for further research.
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Chapter 2

Reconstruction of Long Horizontal-Path
Images under Anisoplanatic conditions

Using Multi-Frame Blind Deconvolution

H

1The material contained in this chapter was previously shield "Reconstruction of long horizontal-path
images under anisoplanatic conditions using multifranreldeconvolution,” Optical Engineering, vol. 52,
August 2013.
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2.1 Introduction

This chapter describes a method of jointly estimating dbigensities and imaging system
point spread functions from simulated anisoplanatic irsatpat have been corrupted by
atmospheric turbulence. The image model that forms thedation of this estimator
is that of a linear shift invariant point spread function andeterministic object. It is
conjectured that anisoplanatic effects of the turbulentogphere are compensated by
the estimator by reconstructing a spatialy averaged ppmetasl function. Bod'[23] work
using cross-spectrum and bispectrum phase reconstrag@nts to this potential solution.
Carrang[15] has also published work in this area that néglie anisoplanatic effects.
This investigation will be the subject of another paper. Tiethod developed in this
chapter is applied to three sets of images corrupted byrdiftdevels of turbulence, and
the effectiveness is assessed by calculating the MSE betiveeesulting recovered object

and the diffraction limited image.

The goal of this chapter is to demonstrate the use of a paeainsd,

multi-frame-blind-deconvolution (MFBD) technique to ostruct an object estimate
from a set of simulated anisoplanatic images, and exammenian square error (MSE)
performance of the estimator as the parameters are variedhid chapter | examine
estimator performance as the number of frames used in tieatin is varied, and as

the number of Zernike polynomial coefficients used to cherae the phase term of the
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point-spread function described in section 1.1.2 are dauigder the assumption of both
Gaussian and Poisson noise distributions. Futhermor@dtiermance of the estimator is

characterized as various levels of additive Gaussian rmwesadded to the input images.

| now describe the MFBD algorithm for the Gaussian and Poissase models. In MFBD
the input is a set of turbulence corrupted images. In a sthiktarbulence-corrupted, but
measurement noise-free images, khegimage can be described as the convolution of an
unchanging object in space convolved with the point spreadtfon (PSF) of the optical

systemh(X;). Mathematically this can be expressed as [28]

(%) = o(%) *h(%), (2.1)

Where x represents the two dimensional convolution operator. Ttpressioniy(X)
represents th&y, noiseless imagen(X;) is the irradiance distribution of the object in the
image plane predicted by geometrical optics, Bgd) is thek, incoherent point spread

function.

The PSF is the modulus squared of the coherent impulse resjgp(X;)|?, which is in turn

the inverse Fourier transform of the generalized pupil fiomc

Xp

whereA is a binary aperture function whose value is zero outsidegegture X, is a two
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dimensional coordinate system in the aperture plane, awldperator represents the inner

product, and

6(%p) =5 @&(Xp) 0k (2.3)

The phase termd(X,) represents the accumulated phase perturbation in theuepeftthe
imaging system decomposed to a linear sum of orthonorma basctions,@(Xp), and

ay are the weighting coefficients for each term and image.

J
@(fp,&) =~ Z aj,k(pj ()Z)p) (2.4)
=1

where the coefficienta; « serve to weight the basis functiopgxp). Zernike polynomials

are a common set of orthonormal basis functions used to ciesize both fixed and
random aberrations in imaging systems and are frequendy ts describe turbulence
effects on imaging[[21]. | assume that the simulated imadi¢%) are a series of
short-exposure turbulence-corrupted images, where fleetdh the scene remains constant
but the phasesy(Xp) associated with each PSF are random in each image frame. This

allows the expression of the generalized pupil function &snation of both the spatial
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frequency and the vector of Zernike coefficients,

Hi(F, @) = [H(F)|elaTa), (2.5)

which allows me to approximate tHe, aberrated point spread function as a weighted
vector of Zernike polynomials. In non-blind deconvolutiproblems, the data collected,
dk(Xi), is used with a known point spread functibg(X) to determineo(x). In blind
deconvolution, we are giveth (%) and use that information to estimate both the object,
o(X) and the point spread functidm(X) jointly. There is no closed form solution to
the problem of jointly estimating an object and the abesraparameters for each image
frame. Hence, an iterative approach is needed to find thetgtipeel intensities and Zernike
coefficients that are most likely to have resulted in the tea data for each image. In
section 2.1.2 | describe two such approaches; one based awnssi@n noise model and

one based on a Poisson noise model.

2.1.1 Data Set

It is common to simulate the effects of the turbulent atmesetby placing layers of
uniform turbulence between the object and the imaging syst€he data set consisting
of 1000 simulated turbulent images used in this paper waateuleusing the “Lenna”

[29] standard test image. Five Kolmogorov phase screens generated. The image
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Table 2.1
Atmospheric Simulation Turbulence Conditions

Atmospheric Turbulence Parameters
Severity C3 ro spherical case¢ 6 6o
condition| (m(~2/3)) (cm) (uradians)| (pixels)
Low | 2.25x 1014 3.33 10.8 4
Moderate| 3.75x 1014 2.45 7.75 3
High | 5.25x 104 2.01 6.63 2

was propagated over a distance of 1000 meters. Light fronh edgect pixel was
projected through the phase screens, in turn, at 200 mgiara®ns using a geometric
optics approach to account for the effects of anisoplamatiBhase errors accumulating
from each screen are combined at the pupil to create a turteHdegraded point
spread function(PSF). Each of the PSFs is then scaled bybjleetqixel intensities to
create a turbulence corrupted image for low, moderate, aners turbulence conditions.
Parameters for the simulated imaging system include a 10partuae with a 358< 358
pixel detector and a 0.7 mm pixel pitch. A fuller descriptafrthe simulator used to create

this data set is available in [23].

For the conditions simulated here, a single pixel in the &ated imaging system captures
2.79 uradians. Expressing thy values for the low, medium and severe turbulence
conditions of the simulation, we see that the isoplanaticlpaovers 4, 3 and 2 pixels

in the simulated imaging system.
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(©) (d)

Figure 2.1: Horizontal Imaging Simulator Output. Single image
representative samples of the horizontal image simulaigput (a)
Diffraction-Limited Image, (b) Image forCi= 2.25 x 10~ 4m(~2/3),
(c) Image for Ci= 3.25x 10 *m(-%/3), (d) Image forC3= 5.25 x
10—14m(—2/3).
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2.1.2 Gaussian Noise Model MFBD

Extending the image formation equations described prelan Eqns[Z.11 through 2.4, a

set of images can be described that have been corrupted livad@hussian noise.

dk(Xi) = 1(X) + k(X)) = 0(Xi) * (X, Ofk) + Nk (%) (2.6)

whereny(X;) represents an additive noise term characterized by anémdiemt, identically
distributed Gaussian random variable with zero mean aridn@eo?. Using a Gaussian
measurement noise model, each imaféX) is a random variable with a Gaussian
probability density function. The pdf ai (X)) is parameterized by the object intensities

0(Xp) and the vector of aberration weighting coefficiedis

Pldk (%) 1(X, k)] =

[d(X) — ik(%,ﬁk)]z} 2.7)

. e —
(2mo2)1/2 xp{ 2107
and the likelihood of the complete data set consisting offelpixel intensities in all the

corrupted images is given by

K

P (4.0] = [ [ 29 -

K=1XEX (2m03)/2

[d(%) - ik<>?i,07’k)12} 2.8)

2no?

The natural log of Eqn. [[(2.8) is taken in order to make the y@iglmore tractable,

resulting in a summation rather than products and neglgetinonstant term, yields the

26



log-likelihood function

L(i(%,a0) == 5 Y [ck(%) —i%, aw)]? (2.9)

K
k=1XEX

Although an analytic form of the Hessian is not required, tHBFGS optimization used
to maximize the likelihood function Eqr._2.9 is more effidiénan analytic form of the
gradient is provided. With respect to the pixel intensities gradient of the Gaussian

Log-Likelihood function can be represented as:

S, =23 [oh(%) — ()] k(%) 2.10)

00 S 00
and the derivative ai(X;) with respect to the object is given by

2 0,(%) = 25 h(%  Re)o(K) = h(% %) 211)
Xo

whereh(x; — Xo) is the incoherent point spread function. The gradient wedgpect to the

Zernike coefficients is

K
2106 ) =23 5 [6(R) — (0] (. ). 212
J . . 7} . 0 o
ﬁ'k(%,ak) = 9a (%h(% —Xo)o()?i)> = %ﬁ (h(X —Xo)0(X)) (2.13)



Since the objecd(X,) is constant with respect to the Zernike coefficients, Equaf.13

reduces to

0 0

From equations_118, 1.9, ahd 1.10, we can express the deeiwdtthe incoherent point

spread function with respect to tlgs in terms of the coherent point spread function,

5 (M08 36)) = 7 100 = 0% () = | 570080 | a5+ 90%) | 705

(2.15)

where*(e) represents the complex conjugate of the function in paesigh Equation 2.15

can be represented as

7z900)| (0 . 2.16)
where[](e) takes the real part of a complex value.

=0(X) = %

ZAele Xb) @i K (% #Xp) ] Z [ 28( Xp IYEP) pai(%0) ol 51 (% 0%p) (2.17)
Xp

28



96(Xp
oa oa

~—
|

!

|

& (Xp) ok = @(Xp) (2.18)

Combining the results of Equations 2.18, 217, .16 yietedinal result

%ikm,a’w:zzm{[z (%) e'“p>e'N<*"Xp>}]g(z->}om> (2.19)

X

2.1.3 Poisson noise model MFBD

Not all images are taken in full daylight. At low light levelshoton noise may dominate
image frames. This is often characterized by a speckledtyualthe images. Photon
noise in images is described by modeling the number of plsotietected in an image
frame at each pixel as a Poisson random variable with a mezomphbount rat@ , which is
proportional to average pixel intensity. For this simuwatthe number of photons detected
at each detector pixel is assumed to be an independentpRaisdributed random variable
with a mean rate given by a noiseless diffraction-limiteédgag(x ). The random nature
of the point spread function is neglected. The probabilftdetectingdy(X) photons at a

specific pixel location is given by

(2.20)
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The distribution over the entire set of pixel locatiahdgs given by

pl{dd] = [T (2.21)
k=1Xex
As before, taking the natural log yields a modified log-likebd function
K K
L poisson f ( X, d %) In (g (X dk (%), (2.22)
k:lXSX k=1XEX

where the last term is a constant and can be neglected. Tddartrivative with respect to
the pixel intensities, the gradient of the Poisson Log-lifled function can be represented

as:

K d
Srlmsnt %0 = 5 5 [ 1| Do) 2.239)

With respect to the Zernike coefficients the gradient of this$bn Log-Likelihood function

can be represented as:

~

0

0
o4 |—P0|ssonf 3=

1| = 0(%). (2.24)

{dk(ﬁ)
k(%)

<M

k=1
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2.2 Methods

The simulations assume that the propagation occurs overdmbally homogeneous
conditions with both the object and the imaging system ins®@rin a turbulent
atmosphere. Furthermore, | assume that the height abouadjomes not vary significantly
andC? is constant over the propagation path![19]. | assume thasithalated data has
effectively frozen the turbulence at the moment the tunbiuimage is created. Prior to
applying the simulated turbulent images to the reconstmcilgorithm, they must be
recentered as tilt is not estimated in the MFBD algorithm.isTwas accomplished by
using a correlation filter to compare each image in the staektensemble average image
and then shifting the turbulent image to recenter it. In otdereduce edge effects in the
reconstructed object, each frame of the data set was pesgged to pad the centered image
by replicating the edges of the image outward and then addibayder of zeros. The abrupt
transitions artificially introduced by the padding process result in high spatial frequency
components that are sometimes mitigated by the applicafiepatial filters. Using fifteen
frames in the reconstruction, the image stack was paddedhamnda Tukey![30] tapered
filtered applied to the image. Both the tapered and untaperades were applied to the
estimator. The elapsed processing time and mean squareoéthe reconstructed object
were determined with the estimator limited to 20 iteratioi®ie amount of padding for
subsequent processing was determined by examining the efigorocessing time and the

mean square error as the amount of padding was varied. Adlesuient processing was
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Table 2.2
Selection of image padding

Padding, Filter vs MSE and Elapsed time

Pixels wi/o filter w/ filter total image size
repeat + zeros MSE | Time (s) | MSE | Time(s) NxN
8+5 585 181 712 166 256
9+5 n/a n/a 586 306 258
10+5 586 221 625 202 260
15+5 586 252 593 230 270
20+5 583 268 595 276 280
25+5 588 392 591 361 290

accomplished by padding each recentered turbulent imageibwut tapering it. The
images are applied to the estimator with 8 replicated piadiiswed by 5 zero pixels at the
margins of each image, bringing the total size of the image5® x 256 pixels. Figure
2.2 (a) shows the image prior to padding, and Eigl 2.2 (b) shttw image after padding.

These results are summarized in Table 2.2.

(b)

Figure 2.2: Padding Example
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Table 2.3
Input Object and Zernike Coefficients. The initial guessatdbject
estimate is stripped into a vector with the intensities atlibginning and
the initial guess at each input image’s Zernike coefficiéoitsw.

Estimator Input Parameters
01 [ 01 [ .. [ Oz | @11 | G1o ] ] Gig | ] k1| Gk2 ] - | Ok

2.2.1 L-BFGS Optimization

The cost functions in Equatioris 2.9 ahd 2.22 are parametkiizy the object pixel
intensities and aberration coefficients, and are applied toon-linear optimization
MATLAB [31] routine called L-BFGSI[[32] to find the object andberration coefficients
most likely to have produced the images that were simulat#lue data set. The intensities
at each pixel location in each image are vectorized. Theoveed initial guesses for
each image’s of Zernike polynomial coefficients are appdndethe end of the vector
on image intensities formatted as shown in Table 2.3. | amtljoprocessing all images
and all Zernike coefficients, thus for a data setkgfN x N images, using) Zernike
polynomial terms, there will bBI2 + J x K parameters that must be jointly estimated. The
optimization routine will return a vector of the reconsteat object’s intensities, followed
by the estimate of the Zernike coefficients for each framehefihput stack as shown in
Table[2.4. Optimization over such a large parameter spacgigctical using conventional
optimization techniques. To make the optimization traetdlused the limited-memory

Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) method tocpss the images. L-BFGS
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Table 2.4
Vectorized Reconstructed Object and Zernike Coefficiehte estimate is
returned as a vector with the estimated object pixel inteyssat the
beginning and the estimate of each input image’s Zernikffieogents at
the end.

Output Object Estimate and Zernike Coefficient Vector
61 [ 61 ] ... | Onz | @11 ] Gro | | Gig | | k1| Gk - | Ok

[32] is a quasi-Newtonian, “hill-climbing” technique thaegins with an initial guess at
a solution foro(Xig) and then proceeds along a line in the directifyrpointed to by the
gradient of the objective function evaluated at each pigehtion. One of the drawbacks
to searching along the gradient is the need for the He$3%diX) to prevent the estimate
from hopping back and forth across the sides of the valleg. lithited memory form of the
BFGS does not require an explicit expressionddr It estimates the value of the Hessian
matrix by maintaining the last few updatesfdX) and f (X). Quasi-Newtonian line search
optimization can quickly converge to a local minimum for thsctions, but there is no
guarantee that that minimum is a global minimum. In procgs#ie initial object estimate

applied to the estimator was the average of all the framesindée trial.

Its necessary to provide the estimator with a stoppingraoite Using the low condition
data set with the number of frames set to 5, 15 and 35, thaketiHood function value was
monitored during reconstruction. The results are showngure[2.3. Regardless of the
number of frames used in the reconstruction, assuming dhdae likelihood function
per iteration, the reconstruction is essentially compédter 10 iterations. For the image

reconstruction processing in this paper, the number ddtitans was limited to 25.
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Figure 2.3: Gaussian MSE vs Number of Function Calls

2.2.2 Reconstruction Processing

Reconstruction processing begins by selecting imagestlhernomplete data set in groups
of K =2,4,6,8,10,12,14,16,18, 20, 22, 23 and 25 frames and tleeernenting that group
size through the entire data set. At each increment anligitiess at the object(Xp) and
phase parameteus is provided to the optimization routine. This initial guésalways the
average of th& frames being used in the estimate. The Zernike coefficiamtgged as

an initial guess are random Gaussian numbers with a meas ahd. unity variance.

The recovered image was compared to the diffraction limiteaje and the mean square
error determined. The mean square error is averaged ovpixals and determined as

follows

2\ AR ))2
wee = 1 > (Z (o%) ) ) (2.25)
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whereo(X;) is the normalized diffraction limited image, an¢k)) is the current normalized
estimate of the object arld? is the total number of pixels in the image. Then the image
stack was incremented to begin processing the next groptafbulent images and the
process repeated. When the entire data set has been prhdbssaverage of the vector of

MSE'’s for images processédat a time was calculated.

2.2.3 Number of Zernike Terms Needed in the Optimization Proess

Recovering a common object estimate from the stack of degraonhages is
computationally intense regardless of the method usedngusiore Zernike polynomial
terms requires more variables to be estimated, and longeegsing will result. Figl_214
(a) shows the processing time required for a fixed numberaohés when the number of
Zernike polynomial terms are varied, FigJ2.4 (b) shows hosvgrocessing time varies for

a fixed number of Zernike coefficients as the number of inpuaiges is varied. Of greater

600 T T T T T T T T 250

N
=3
S

Processing Time (s)
@
3

o
=)

501

Time

- =0c

5 1 15 20 25

0
(b) ™

Figure 2.4: MFBD Processing Time visl, andNs
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impact on processing time is the number of images requiregctver the object. For a set
of K,N x N images, the number of variables increasek asN?. Previous work indicated
that 15 images and 35 Zernike terms would provide a good e#imof the object[33].
Further exploration over a larger data set yielded siméaults but additional insight into
the estimator’s performance. With the number of imagesas80tin order to reduce the
influence of the number of images on the outcome, the numhéermiike coefficients was
varied from ten to one hundred terms for all three turbulerm®litions as shown in Figure
[2.8. For all three turbulence casesGjf additional terms beyond 60 do not significantly

improve the MSE.

MFBD MSE vs. N,, Low Condition MFBD MSE vs. N,, Moderate Condition MFBD MSE vs. N, Severe Condition
1500 1500 1500
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1000 1000

onstruction MSE
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R
Post-Rec:

3 500f_
8 s

0 0 0
10 20 30 40( 50 60 70 80 90 100 10 20 30 40 50 60 70 80 90 100 10 20 30 40 50 60 70 80 90 100
a) n

()" (e

Figure 2.5: Demonstration of the residual post-reconstruction MSEas t
number of Zernike coefficients is varied. With the numberrahfes held
constant at 50 the number of Zernike coefficients are varmu L0 to 100
for (@) Low conditionC= 2.25x 10~ 1*m(~2/3) (b) Moderate conditiof3=
3.75x 10~ m(=2/3) (c) Severe conditio®3= 5.25x 10~ 1*m(~2/3)
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2.3 Results

2.3.1 Gaussian Noise Model

2.3.1.1 Case 1 Low ConditiorCj = 2.25x 10~ 14m(=2/3)

Fig. [2.6 shows that di; = 2 and thereafter the estimator can be expected to perform
better than the average mean square error for the simulatadei which was 673.
Marginal improvement in MSE declines Bl = 12, reaching a maximum improvement
of approximately 40 percent over the average mean square @rer the entire data set.
However, if processing time is not of consequence, the MSEi@nstandard deviation
continues to improve as additional images are added. Exagiihe results of the Zernike
term evaluation shown in F[g.2.5, 60 Zernike coefficientsemesed to characterize the
PSFs and the results are compared to the estimator’s pem@erusing 30 Zernike terms
in Fig. [2.6. The use of additional Zernike terms does not adchach processing time as
using more input images but each reconstruction will takgés as further Zernike terms
are used to characterize the PSFs. Figure 2.7 shows thatgiog the number of frames
used in the reconstruction will reduce the variance of themage but after 15 frames
are used, the improvement begins to decline. The incremiempaovement in either the

estimate or the variance is not worth the additional timescomed. Figuré 218 shows
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the effect of additive Gaussian noise on the estimatoropagnce. This noise would be
characteristic of sensor read-out noise. As expected wlwga noise is added to the input
images the estimator performance declines. The diffradtiited image is compared to a

sample of the simulated turbulent image data set images sachple reconstructed object

in Fig.[2.9.
MFBD MSE vs. N,, Low Condition, N, = 60, 30
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Figure 2.6: Mean Square Error vs. number of frames. Case 1 Low
turbulenceC = 2.25x 10~1*m(~%/3) with 30 and 60 Zernike terms
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MFBD MSE vs. Nf, Low Condition
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Figure 2.7: Residual reconstruction MSE as the number of frames used
in the reconstruction is increased. The solid lines remtetiee mean
value over N reconstructions, and the mean error over thecetdta set.
Dashed lines represent the variance of the estimate forea giumber of
frames used in the reconstruction. Case 1 Low turbuléfe 2.25 x

10 “m(=2/3 N, =30

2.3.1.2 Case 2 Moderate Conditio€3 = 3.75x 10~ 14m(=2/3)
Figure[2.10 shows (a) the diffraction limited image, (b) anpke recorded image, and
(c) a sample reconstructed object. We see in Fig. ]2.11 teatMRBD estimator will

consistently perform on average better than the averaggermaor as soon as the size of

the processing window reaches two frames. NAt= 2 and thereafter the estimator can
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MFBD MSE vs Nf Including Additive Noise, Low Condition
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Figure 2.8: Residual reconstruction MSE as the number of frames used in
the reconstruction is increased in the presence of additise. The solid
lines represent the mean reconstruction errordgpe 1 anda, = 10. The
dotted lines represent the mean performancesfor 2,3...9. The dashed
lines at the limit of the plots represents the variance fertthio bounding
cases. Case 1 Low turbulen€g = 2.25x 10~ 14m(~=2/3) N, = 30.

be expected to perform better than the average mean squar@tthe simulated image.

The improvement in MSE available by including additiongluh frames hits a maximum

of approximately 25 percent of full scale ldt = 14. Neither the MSE nor the standard

deviation improves significantly as additional inputimagee added to the stack. Informed

by the results of the Zernike term sweeps discussed abavestimator was run using 30

Zernike coefficients to characterize the PSFs. The residts@mpared in Figurd, _2.111.

Figure[2.1P2 shows that increasing the number of frames uségei reconstruction will
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(@) (b) ©

Figure 2.9: Case 1 sample images. Compares the (a) diffraction-limited
image with (b) the single sample image and (c) a sample récabsd
object.

reduce the variance of the estimate but after 15 frames & tise improvement begins
to decline. The incremental improvement in either the estinor the variance is not worth
the additional time consumed. Figlre 2.13 shows the effeatiditive Gaussian noise on
the estimators performance. This noise would be charatiteof sensor read-out noise. As
expected, when more noise is added to the input images inegst performance declines.
The use of additional Zernike terms does not incur as largergatational penalty as that
associated with adding additional frames but each reaactgtn will take longer. The

incremental improvement in mean square error is not woglatiditional processing time.
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(a) (b) ()

Figure 2.10: Case 2 sample images. Compares the (a) diffraction-limited
image with (b) the single sample image and (c) a sample récmbsd
object.

2.3.1.3 Case 3 Severe ConditioBg = 5.25x 10~ 14m(-2/3)

Again we see in Figl_2.15 that the estimator requires at lRastnput frames to reliably
produce an estimate of the object that has a lower mean sguardghan 1165, the average
simulated image’s MSE. Atl; = 2 and thereafter the estimator can be expected to perform
better than the average mean square error of the recordegkimBhe improvement in
MSE available by including additional input frames hits aximeum of approximately 36
percent of full scale ai; = 14 and neither the MSE nor the standard deviation improves
significantly as additional input images are added to thegssing stack. Figuie Z2]14
shows (@) the diffraction limited image, (b) a sample reedrimage, and (c) a sample
reconstructed object. Informed by the results of the Zertekm sweeps discussed above,
the estimator was run using 30 Zernike coefficients to chearae the PSFs. The results

are compared in Figurel_2]15. The use of additional Zerrgken$ does not incur as
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MFBD MSE vs. Nf, Moderate Condition, NZ =60, 30
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Figure 2.11: Mean Square Error vs. number of frames. Case 2 Moderate
turbulenceCd = 3.75 x 10~ 4m(=2/3) with 30 and 60 Zernike terms

large a computational penalty as that associated with gdaliiditional frames but each
reconstruction will take longer. Figufe 2]16 shows thateasing the number of frames
used in the reconstruction will reduce the variance of thenede but after 15 frames
are used, the improvement begins to decline. The incremiempaovement in either the

estimate or the variance is not worth the additional timescomed. Figuré 2.17 shows
the effect of additive Gaussian noise on the estimatoropeadnce. This noise would be
characteristic of sensor read-out noise. As expected wimga noise is added to the input
images the estimator performance declines. As shown, trerimental improvement in

mean square error is not worth the additional processing.tim
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MFBD MSE vs. Nf, Moderate Condition
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Figure 2.12: Residual reconstruction MSE as the number of frames used
in the reconstruction is increased. The solid lines reprteiee mean
value over N reconstructions, and the mean error over thecetdta set.
Dashed lines represent the variance of the estimate for engamber

of frames used in the reconstruction. Case 2 Moderate &mbaC3 =
3.75x 107 m(=%/3) N, =30
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MFBD MSE vs N, Including Additive Noise, Moderate Condition
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Figure 2.13: Residual reconstruction MSE as the number of frames used in
the reconstruction is increased in the presence of additise. The solid
lines represent the mean reconstruction errordgpe 1 anda, = 10. The
dotted lines represent the mean performancesfor 2,3...9. The dashed
lines at the limit of the plots represents the variance fertthio bounding
cases. Case 2 Moderate turbule@e= 3.75x 10~ “m(-%/3) N, = 30

2.3.2 Poisson Noise Model Mean Photon Ragx 10°, 30 photons per

pixel

Each set of 1000 turbulent images, representing the thrbelénce cases was used to

generate a set of speckle images with a mean photon counthpgeiof 2< 10°. Each set

of images was processed using the MFBD methods describeé abing the cost function
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(a) (b) (©)

Figure 2.14: Case 3 sample images. Compares the (a) diffraction-limited
image with (b) the single sample image and (c) a sample récmbsd
object.

and gradient described in equations 2[22,12.23[and 2.24.

2.3.2.1 Case 1 Low ConditiorC3 = 2.25x 10~ 4m(~%/3)

Examining Fig.[2.19 we see that on average, MFBD performatess than the input
images until 50 input frames are used in each reconstruc#ariNs = 50 and thereafter
the estimator can be expected to produce an estimate thatusdse lower than 2095, the
average mean square error of the images in the simulatedekati&larginal improvement
in MSE continues to improve as additional frames are addedetamage stack reaching
a maximum of about 38 percent improvement over the average dM$%oss the data set.
However, if processing time is not of consequence, the MSEinstandard deviation
continues to improve as additional images are added to #ok sif images presented to

the estimator, so additional improvement in the quality i tmage is available. The
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MFBD MSE vs. Nf, Severe Condition, NZ =60, 30
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Figure 2.15: Mean Square Error vs. number of frames. Case 3 Severe
turbulenceCj = 5.25 x 10~1*m(~2/3) with 30 and 60 Zernike terms

diffraction limited image is compared to a sample simuldtetulent image and a sample

reconstructed object as shown in Fig. 2.18.

2.3.2.2 Case 2 Moderate Conditio€3 = 3.75x 10~ 4m(~=2/3)

Figure[2.20 shows (a) the diffraction limited image, (b) enpée recorded image, and (c)
a sample reconstructed object using 175 frames to estithateliject. Again we see in
Fig. [2.21 that the MFBD estimator will not perform on averagey better than 2285, the
average simulated turbulent image error until the numbémafjes processed reaches 50

frames. AtN; = 50 and thereafter the estimator can be expected to perfetiartthan the
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MFBD MSE vs. Nf, Severe Condition
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Figure 2.16: Residual reconstruction MSE as the number of frames used

in the reconstruction is increased. The solid lines reprteide mean
value over N reconstructions, and the mean error over thecetdta set.
Dashed lines represent the variance of the estimate for engumber
of frames used in the reconstruction. Case 3 Severe turbeI@f =
5.25x 10~ m(=2/3) N, = 30
average mean square error of the simulated image reachiagianm of about 34 percent
improvement. The marginal improvement in MSE availablermluding additional input

frames begins to decline at abdit = 175 and neither the MSE nor the standard deviation

improves significantly as additional input images are pseed.
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MFBD MSE vs N, Including Additive Noise, Severe Condition
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Figure 2.17: Residual reconstruction MSE as the number of frames used in
the reconstruction is increased in the presence of addibise. The solid
lines represent the mean reconstruction errordgfpr 1 ando, = 10. The
dotted lines represent the mean performancesfor 2,3...9. The dashed
lines at the limit of the plots represents the variance fertthio bounding
cases. Case 3 Severe turbule@@e= 5.25x 10~4m(=2/3) with N, = 30

2.3.2.3 Case 3 Severe Conditio®3 = 5.25x 10~ 1*m(~2/3)

Again we see in Fid. 2.23 that the MFBD estimator will not penfi on average any better
than the average image error until the number of imageseaffay the estimator reaches
50 frames. AfN; = 50 and thereafter the estimator can be expected to perfettarihan

the average mean square error(2456)of the simulated ineaghing a maximum of about

33 percent. The marginal improvement in MSE available byuthiog additional input
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@ | (b) ©
Figure 2.18: Case 1 sample images, Mean Photon Rat& @, C{ =2.25x
10-*m(=2/3), Compares the (a) diffraction-limited image with (b) a $&ng
sample image and (c) a sample reconstructed object.

frames begins to decline at abdit = 175 and neither the MSE nor the standard deviation
seems to improve significantly from there as additional immages are added to the stack.
Figurel2.22 shows (a) the diffraction limited image, (b) mp#e recorded image, and (c) a

sample reconstructed object.

2.4 Conclusions

The performance of an unconstrained optimization-basdti-frmme blind deconvolution
estimator was evaluated in terms of the mean squared ertaveée the reconstructed
object and a diffraction limited image. Three 1000-imagédsets of a single image
distorted by low, moderate, and severe turbulence wererggke using a horizontal
imaging simulator that includes anisoplanatic effectse @hata sets were then applied to

the estimator and its MSE performance evaluated. If a harelmaplementation were to
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Poisson MFBD MSE vs. Nf, Low Condition, Mean Rate 2 ><1O6
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Figure 2.19: Mean Square Error vs. number of frames. Poisson Case 1
Low turbulenceCd = 2.25x 10~ 1*m(=2/3), mean photon rate 2 10°

be produced with a fixed, or limited set of operator optiongjde variety of turbulence
cases would be well served by a selection of 14 images and B@@nuial terms for
use with the estimator. Point performance estimates, usidgta set of 1000 simulated
turbulence corrupted images, indicate that the algorithoapable of producing 40, 25 and
36 percent improvements in MSE for low, moderate, and seaeisoplanitic turbulence
cases respectively under the assumption that the phases ean be characterized as
a Gaussian distribution. For all simulated turbulence sasmgnificant reductions were
observed with as few as two input images. For the Poisson sageficant results were

achieved with as few as 50 frames, but 175 frames would besameale place to design a
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(@ (b) o ©
Figure 2.20: Case 2 sample images, Mean Photon Rate1®°, CZ =
3.75x 10" m(~2/3) Compares the (a) diffraction-limited image with (b) a
single sample image and (c) a sample reconstructed object.
system that would be able to cope with a variety of atmosplterbulence and light levels.

Chapteib explores the possibility of speeding up the recoctson by providing a better
initial guess at the object. Simulated annealing techriquaild also be used to perturb
the estimate away from a local minimum, and may prove to bdfantere answer to local

minimum trapping.
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Poisson MFBD MSE vs. Nf, Moderate Condition, mean rate 2 x1 0°
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Figure 2.21: Mean Square Error vs. number of frames. Poisson Case 2
Moderate turbulencg? = 3.75x 10~ *m(~2/3), mean photon rate 2 108

(@ (b) ©
Figure 2.22: Case 3 sample images, Mean Photon Rate12P, C3 =
5.25x 10~ 19m(~=2/3). Compares the (a) diffraction-limited image with (b) a
single sample image and (c) a sample reconstructed object.
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Poisson MFBD MSE vs. Nf, Severe Condition, mean rate 2 ><106
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Figure 2.23: Mean Square Error vs. number of frames. Poisson Case 3
Severe turbulendgd = 2.25x 10~ *m(=2/3), mean photon rate 2 10°
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Chapter 3

A Comparison of the MSE Performance
of Speckle and MFBD Image

Reconstruction Techniques

H

1The material in this chapter has been accepted for puldicéi Optical Engineering.
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3.1 Introduction

This chapter compares the performance of speckle imaguoiigues and multi-frame
blind deconvolution at estimating object intensities fremulated anisoplanatic images
that have been corrupted by atmospheric turbulence usmgiimber of input frames
and scene illumination levels as the operational parasetdsing a horizontal imaging
simulation model[[23] three sets of 1000 simulated, tunbuimages based on an image
common in the literature were created. In order to exploeetdthniques performance
under multiple illumination conditions, each set of simtathimages, representing the the
three turbulence cases was used to generate a set of spaekles with a mean photon
count per image of % 10°%,1 x 10%,and 5x 10°. The effectiveness of each technique is
assessed by calculating the MSE between the resultingessdwbject and the diffraction

limited image.

| find that the both speckle-imaging and MFBD reconstructbeais show significant
improvement in mean squared error compared to the average sggiare error between
all the images in a data set and the associated diffractioiteldl image. Speckle-imaging
techniques reduce the MSE 46, 42 and 47 percent on averalgavfanoderate, and severe
cases, respectively using 15 input frames under daytimdittons. Similarly, the MFBD
method provides, 40, 25, and 36 percent improvements in M&&verage under the same

conditions. Under low light conditions (on average feweartlL00 photons per pixel),
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improvements of 39, 29 and 27 percent are available usinckipanaging methods and

25 input frames and 38, 34 and 33 respectively for the MFBLChoetand 150 input frames.

The remainder of this chapter is organized as follows. IrtiSe.2, | discuss horizontal
imaging as it applies to the reconstruction of turbulent ges under anisoplanatic
conditions and develop foundations of the bispectrum amedothjective functions to be
applied to the L-BFGS optimization routines. In Secfion th& object recovery methods
for speckle imaging techniques and MFBD are described ftn Baussian and Poisson
noise models. In sectidn_3.4 the comparative results ofgasing for bispectrum and
MFBD are presented under all three turbulence cases ark icesse of the Poisson noise
model, for three turbulence conditions and three dimimghalues of mean photon counts.
Finally in sectionl 3.6 summative conclusions regarding réflative merits of these two

strategies are presented.

3.2 Background

3.2.1 Horizontal Imaging

| begin my discussion by examining some assumptions reggittie horizontal imaging
problem. The resolution available to an imaging system nsitéd by atmospheric

turbulence. The atmospheric coherence radgjss commonly used to define the resolving
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power of an imaging system in terms of an equivalent diffaactimited system’s radius.

ro is defined by Fried for spherical wave propagation[21][18] a

3/5
41 /

fo=0.185
K2 f& (522) P c2(2)dz

(3.1)

whereA is the mean wavelength, the wave numket 2/\—" andAz is the distance from
the scene to the imaging aperture. The limits of the integralfromz = 0 at the pupil
plane to the scene at= L. For purposes of this study it is assumed that in Equatidh) (3.
that the refractive-index structure const&@gtis constant over paths that are horizontal
or at shallow angles from the aperture [[19]. It is furtheruassd that the strength of
the turbulence is such that scintillation effects can bdewtgd. The data sets simulated
for this work can be categorized by the valueGs for the low turbulence condition
C?=2.25x 10 *m(~2/3), for the moderate conditidB2= 3.75 x 10~ 14m(~2/3) and for the
severe conditio€2= 5.25x 10~ *m(-2/3), A complete description of the simulator used

to create these data sets is availablé in [23].

Using Fried’s [22] definition for the isoplanatic angi,

6o = (2.91K2C2AZ5/3))(=3/5) (3.2)

and evaluating for the conditions under considerationjgbplanatic angle is determined

to be between 6.6 and 108rad. For the conditions simulated here, a single pixel
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Table 3.1

Atmospheric Simulation Turbulence Conditions

Atmospheric Turbulence Parameters
Turbulence C,% ro spherical case 6o 6o
condition| (m(~2/3)) (cm) (uradians)| (pixels)
Low | 2.25x 1014 3.33 10.8 4
Moderate| 3.75x 1014 2.45 7.75 3
Severe| 5.25x 1014 2.01 6.63 2

in the simulated imaging system captures 2uf@dians. Expressing th@ values for

the low, medium and severe turbulence conditions of the Isitiom, it can be seen that
the isoplanatic patch covers 4, 3 and 2 pixels in the simdlateging system and that
anisoplanatic effects are present in the simulated imafjesse results are summarized in

Table[3.1 and samples of the simulated images are shown imeE31 .

Image formation in the spatial domain is the convolutionta atmospheric point-spread

function (PSF) and the object intensity distribution.

(%) = 0(%) *h(%), (3-3)

where X; is a two dimensional coordinate system in the image planekingathe
Fourier transform of both sides of Equatibnl3.3 yields a iplidation in the Fourier

spatial-frequency domain. The product of the complex dbgpectrumO(f) with the

atmospheric optical transfer function (OTF|)OTF(1?), results in the received complex
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(© (d)

Figure 3.1: Horizontal Imaging Simulator Output.  Single image
representative samples of the horizontal image simulatgput (a)
Diffraction-Limited Image, (b) Image fo€3= 2.25x 10~ *m(~=2/3), (c)
Image for 375x 10~ “m(=2/3), (d) Image for 525x 10~ 1*m(~=2/3),

-,

image spectrun( f)

-,

1(f) = O(f) x Hore () (3.4)

The modulus of the optical transfer function is very smatip@aching zero, for spatial
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frequencies greater the}%, causing the turbulent atmosphere to act like a low pass, filte

limiting its ability to resolve small features.

3.2.2 Speckle Imaging

One strategy to mitigate the effects of atmospheric turbzédas the use of short exposure
images to freeze the atmospheric turbulence. The termcképémaging” arises from
astronomical imaging, where short exposure images of as@pic objects exhibit high
frequency intensity fluctuations, or “speckles”. Two indegent steps are required to
recover the amplitude and phase information associatdutingtcomplex object spectrum.
First, inverse Weiner filtering the ensemble average popettsal density yields the power

spectrum of the object in the scene.

(1(F)?]) = (Horr (F)?)|O(F)[? (3.5)

-,

where Horg (f) represents the long exposure optical transfer functionhefimaging
system and turbulent atmosphere, asidrepresents the ensemble average of the argument.

([Hote (T)|?) is positive and nonzero for all spatial frequencies up todiffeaction limit

of the imaging system [5].

£12

62



-,

Astronomical observations determifiélore (T)|?) through the use of a nearby guide star
or artificial beacon as a point source. For my processingtheeretical long-exposure
atmospheric OTF of the simulated imaging system is appbezktimate the amplitude of
the complex object spectrum]|21], [23]. The additive terns a constant adjusted by the
user to account for low SNR at high spatial frequencies. Thelidude of the Fourier
transform alone is insufficient to form an image. A separategss is required to recover

the the phase information in the speckle images.

The object phase information is recovered by computing ibdatrum. The bi-spectrum

is defined as

B(fy,Af) = 1(f)1(AF)1*(fL+Af) (3.7)

The object phase information is recovered from the bispetiny substituting the image

-,

spectrum ( f) defined in Equation 314 into the the definition in Equation 3.7

B(f1,Af) =O(f1)O(AF)O(f1+Af)Hore (f1)
(3.8)

X HOTF(AF) Hote ( F]_-I-AF)
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We can express the complex valued OTF in terms of magnitudglase to yield

B(f1,Af) =|O(f1)O(AF)O(fL +AF)|x

Hore (F1)Hore (AF)Horr (f1 4+ AF)|
(3.9)

< exp{j[@(f1) + @w(AT) — @(fL+AF)+

-,

o (fL+ o (AF) — gu(fL+AT)

Because the amplitude is recovered in separate processngan reduce the number of
significant terms in Equatidn_3.9 by setting all the ampluerms to unity, leaving only

the exponential phase terms in the reduced expression.

(exp{i[gs(fL, AT Hn =(exp{i[g(f1) + @(AT)

(3.10)

Taking the expectation of Equation 3110 over N frames it carstoown that the transfer

function is real and thaligy (1) + @4 (f1 +Af)) = 0 [18], to yield.

-, A

(exp{j@(f1+A)}) = (expi{@(f1) + @(AT) — @s(f1,AT)}). (3.11)

This allows further simplification of Equation 3.7 to yield astimate of the object phase at
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any arbitrary spatial frequen@ — f+Af in terms of the bispectrum estimate, assuming

the phase af andAf are known.

@(f) = @ (f) + @ (o) — @s(f,00), (3.12)

Because images are real valued, the phasé of0 is zero. The adjacent frequency
points (0,Af), (0,—Af),(Af,0), (—Af,0) can also arbitrarily be set to zero without loss
of image quality. This assumption will result in loss of ineaggistration information and

reconstructed images are often not centered within theerfragne. Further processing can
recenter the reconstructed images. Starting with thesé&riiven phase points it is possible

to work outward from the origin and recover the phase for thite@image recursively.

3.2.3 MFBD: Gaussian Noise Model

MFBD is another common image reconstruction method [4]dlkat an iterative process to
recover object amplitude and phase information. A set ofjesahat have been corrupted

by additive Gaussian noise can be described.

di(X) = i(%)) + k(%) = 0(X) * (X, i) + Nk (%) (3.13)
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wheren(X;) represents an additive noise term characterized by anémndiemt, identically
distributed Gaussian random variable with zero mean aridn@@o?. The termi(%) is the
noise free image characterized in Equafion 3.3 as the cotiwnlof a deterministic object
and the imaging system’s incoherent point spread functidme incoherent point spread

functionh(x) is the modulus squared of the coherent point spread function

h(%) = [g(%)[? (3.14)
where the coherent point spread function is given by

9x)=5 Ael 8(%) gl 5 (% #p) (3.15)
Xp
whereA is a binary aperture function whose value is zero outsidefiegturexj, is a two

dimensional coordinate system in the aperture planes thperator represents the inner

product, and

6(%p) = > B(Xp) k- (3.16)

The phase tern®(Xp) represents the accumulated phase perturbation in theuepert
the imaging system decomposed to a linear sum of orthondsasis functionsg(Xp),
and ai are the weighting coefficients for each term and image. Xerpolynomials are

a convenient set of basis functions commonly used in desgritdassical aberrations in
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optical systems. Using a Gaussian noise model, each pameach imagel(X) is a
random variable with a Gaussian Probability Density Func{PDF). The PDF ol (X)
is parameterized by the object intensitigs) and the vector of aberration weighting

coefficientsa11].

N\ i (2 A2
p[dk(K)J(%,C_{k)] _ [dk(x> 'k(Z,Ofk)] } (317)

(2mo2)1/2 exp{ a 21072

and the likelihood of the complete data set consisting offelpixel intensities in all the

corrupted images is given by

(3.18)

K N =12
plL{d(%)}:1(%. 6 = [ ] 1 [dh(%) — ik (%, )] }

- exp{_
K=1XeX (27‘[0%)1/2 27T0r%

Taking the natural log of Eqn[_3.18 makes the analysis maetable. The resulting

summation, neglecting a constant term, yields the logihked function

L(i(%,a0)=— 5 Y [de(%) —i%, aw)]? (3.19)

K=1%EX

To maximize this cost function, the optimization routineeds at least an estimate of the
gradient,[(i(%;, d))and Hessian[1?(i(X;, d)), of the likelihood function. Although an
analytic form of the Hessian is not required, optimizatisnrmuch more efficient if an

analytic form of the gradient is provided. With respect te fixel intensities the gradient
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of the Gaussian Log-Likelihood function[34] can be repreed as:

O Li@) =2y [0h(%)) ~ (X)) (). (3.20)

K=1XEX J

and the derivative ai(X;) with respect to the object is given by
7oik(%) = g 3 i ~4)0(K) = (X ~ o) (3.21)

whereh(x; — Xo) is the incoherent point spread function. The gradient wedgpect to the

Zernike coefficients is

K
20 0) =25 5 [6(R) — (0 (. ) 322
9 5%, = 2 [ 5 h(%—%)0(%) | = T 2 (h(% — %)o(X)) (3.2
oa T oa % ! _%aa ! | '

Since the objecb(X)) is constant with respect to the Zernike coefficients, Equa.23

reduces to
> —dﬁ (h(% —%)o(%)) = 5 (—dﬂ h(x; — fo)) o(%) (3.24)
A aa A Ja

From equation5 118, 1.9, ahd 1.10, we can express the deeivdtthe incoherent point

68



spread function with respect to tlgs in terms of the coherent point spread function,

7] . 17} 0 ) 17} . o
5 (M08 =56)) = 7 1000 = 7000 (%) = | 57900 | & () +90%) | 50"
(3.25)

where*(e) represents the complex conjugate of the function in paesigh Equatioh 3.25

can be represented as

75900 a0 . (3.26

0 0 (0(%) 127 (% o 00(Xb) . iaie) i 2T (5 ex
Z o) = 16(Xp) ol ¥ (Xi®Xp) | P/ gl 0(Xp) gl ¥ (Xi®Xp)
dag(%) =35 %Ae p)gl N %i®Xp ] = % {j 3G Ael7e) gl N Xi®Xp (3.27)
20(X; 7 S
05) _ 2 %o ok = (%) (3.28)

iK%, ) = %m { [z [m(x"p)Ae"e(fP)e"ZN"“"W}] g*(xa)} o%)  (329)
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3.2.4 MFBD: Poisson noise model

Not all images are taken in full daylight. At low light levelshoton noise may dominate
image frames. This is often characterized by a grainy qualfitthe images due to the
random arrival times of discrete photons. Photon noise agis is described by modeling
the number of photons detected in an image frame at each g@ixal Poisson random
variable with a mean photon count ratewhich is proportional to average pixel intensity.
For this simulation the number of photons detected at eatgdtuie pixel is assumed to be
an independent, Poisson distributed random variable witle@n rate given by a noiseless
diffraction-limited image(X;). The random nature of the point spread function is neglected

The probability of detectingy(X) photons at a specific pixel location is given by

i (% , d’k)dk(%)e[_ik(%7ﬁk)]

dk(X)] = 3.30
plck(X)] e (3.30)
The distribution over the entire set of pixel locatiafgs given by[11]

K di (%) @l 1k (%, )]
1(X, a)
p[{dk}] = (3.31)
Dlxex dk )?I)
As before, taking the natural log yields a modified log-likebd function
K K
L poisson (i ( X)In(ik(X, di)) dk(Xi) (3.32)
k:lXSX k=1XEX
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Where the last term is a constant and can be neglected. Tdlerdgrivative with respect
to the pixel intensities the gradient of the Poisson Logelikood function[34] can be

represented as:

0 g a)) — di (%) 0. (o =
SoLemem(i5,8) =3 5 [m - 1} i (.. (3.33)

With respect to the Zernike coefficients the gradient of this$bn Log-Likelihood function

can be represented as:

o . K (%) o .
= Lrvisson(i(%, 8)) = [ik(x}ﬁk) k(% 0. (3.34)

K=1XEX

Where theZ (i(%,d)) was shown in Equatidn 3.29.

3.3 Methods

My simulations assume that the propagation occurs overztwotally homogeneous
conditions with both the object and the imaging system ins®@rin a turbulent
atmosphere. Furthermore, | assume that the height abouadjomes not vary significantly
between imaging system and the scene. Furthern@jrés assumed to be constant over
the propagation path [19]. | assume that the simulated dasaelfectively frozen the

turbulence at the moment the turbulent image is createdori®miction processing begins
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by selecting images from the complete data set in groupé of 2,4,6,8,10,12,14,16,18,
20, 22, 23 and 25, 50, 75, 100, 125, 150, 175, and 200 frame=e Ba number of frames
to process is determined, that block size of images is ineréed through the entire data
set. The number of reconstructions used to determine thageeVISE declines as the
number of frames used in the reconstruction increases. &deced number of trials for
large frame groups is conjectured to be the reason why the PISIS are not always

monotonic. When 200 frames are applied to the reconstmuetigorithm, only 5 trials

are available.

Prior to applying the simulated turbulent images to the mstrmiction algorithms, they must
be recentered as tilt is not estimated in the MFBD algoritfrhis was accomplished by
using a correlation filter to compare each image in the staansemble average image

and then shifting the turbulent image to recenter it.

The recovered image was compared to the diffraction limitealye and the mean square

error is averaged over all pixels as follows

MSE = i ('(’m;—z'(m)z (3.35)

wherei (%) is the normalized diffraction limited image, af() is the current normalized
estimate of the object ard? is the total number of pixels in the image. The image stack
was incremented to begin processing the next group tfrbulent images and the process

repeated. When the entire data set has been processedethgeawf the vector of MSE'’s
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for images processdf at a time is calculated. To facilitate direct comparisomwleen the
methods, exactly the same simulated turbulent images wiked to each estimator in

every trial for both methods, and the MSE calculated fronrdoevered image.

In order to reduce edge effects associated with the finitpatpeach frame of the data set
was preprocessed to pad the centered image by replicagregpties of the image outward
and then adding a border of zeros. The abrupt transitionficeaity introduced by the
padding process can result in high spatial frequency at$ifa reconstructed images. The
images are applied to the estimator were padded with 8 egpticpixels followed by 5
zero pixels at the margins of each image, bringing the tatel af the image to 256 256

pixels.

The cost functions in Equationis 3119 and 3.32 are parametkfdy the object pixel
intensities and aberration coefficients, and are applied toon-linear optimization
technique to find the object and aberration coefficients nikety to have produced
the images that were simulated in the data set. | am jointbcgssing all images
and all Zernike coefficients, thus for a data setkgfN x N images, using) Zernike
polynomial terms, there will b&? + J x K parameters that must be jointly estimated.
To make the optimization tractable by reducing the run timgee limited-memory
Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) method igluseorocess the images. One
of the drawbacks to searching along the gradient is the reetthé Hessiam?f (X). The

limited memory form of the BFGS does not require an expligjiression fordf (X). It
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estimates the value of the Hessian matrix by maintainindasiefew updates of (X) and
Of(X). L-BFGS [32] is a quasi-Newtonian, “hill-climbing” techouie that begins with an
initial guess at a solution fofy and then proceeds along a line in the directippointed to
by the gradient of the objective function evaluated at eachtion. Quasi-Newtonian line
search optimization can quickly converge to a local mininfancost functions, but there
is no guarantee that that minimum is a global minimum. In psstng the initial object
estimate applied to the estimator was the average of alréimeds used in the trial. Based
on previous work[[33], for the image reconstruction proces# this paper, the number

of iterations was limited to 25 and the number of Zernike &mas fixed at 60.

An initial guess at the object(Xy) and phase parametersis applied to the optimization
routine. This initial guess is the spatial average ofkheames being used in the estimate.
The initial guess Zernike coefficients provided to the eaton are random Gaussian

numbers with a mean of 0.5 and unity variance.
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3.4 Comparison of Bispectrum and MFBD methods

under Gaussian and Poisson noise models

3.4.1 Gaussian Noise Model

3.4.1.1 Case 1 Low ConditiorC2 = 2.25x 10~ 14m(~2/3)

Figure[3.2 shows the plots of mean square error for the Gaus$4FBD and bispectrum
reconstructors, as the number of images applied to the &tstiniN; are varied. For
comparison, the average MSE for the entire data set is atsoded. Examining Figl_216
it can be seen that &y = 2 and thereafter the estimator can be expected to perfotter be
than the average mean square error for the simulated imagrgimal improvement in MSE
declines alN; = 12, reaching a maximum improvement of approximately 4@¢erover
the average mean square error over the entire data set. dgwigwrocessing time is not
of consequence, the MSE and its standard deviation corgtittuenprove as additional
images are added [33]. The diffraction limited image is camp to a sample of the
simulated turbulent image data set images and a samplestegated object for MFBD

and bispectrum are shown in Figlrel3.3.
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Gaussian: MFBD, Bispectrum, vs. N o Low Condition
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Figure 3.2: Comparison of Bispectrum and MFBD Mean Square Error as
the number of input image frames is increased. For MAB; 30, and the
number of iterations was fixed at 25. For BispectriNp,= 5 a = .3. Case

1 Low turbulenceCd = 2.25x 10~ 14m(=2/3)

3.4.1.2 Case 2 Moderate Conditiol€2 = 3.75x 10~ 14m(~2/3)

Figure[3.4 shows (a) the diffraction limited image, (b) a precorded image, and
(c) a sample reconstructed object. We see in Hig. 3.5 thaiVlRBD estimator will
consistently perform on average better than the averaggemarror as soon as the size
of the processing window reaches two frames NAt= 2 and thereafter the estimator can
be expected to perform better than the average mean squaregthe simulated image.

The improvement in MSE available by including additionglumh frames hits a maximum
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Figure 3.3: Case 1 sample images. Compares (a) a sample turbulent
image (b) a sample MFBD reconstructed object and (c) a saongpectrum
reconstructed object.

of approximately 25 percent of full scale it = 14. Neither the MSE nor the standard

deviation improves significantly as additional input imagee added to the stack.

(b)

Figure 3.4: Case 2 sample images. Compares (a) a sample turbulent
image (b) a sample MFBD reconstructed object and (c) a saongpectrum
reconstructed object.
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Gaussian: MFBD, Bispectrum, vs. N Moderate Condition
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Figure 3.5: Comparison of Bispectrum and MFBD Mean Square Error as
the number of input image frames is increased. For MAB; 30, and the
number of iterations was fixed at 25. For BispectriNp,= 5 a = .3. Case

2 Moderate turbulencg = 3.75x 10~ 4m(-2/3)

3.4.1.3 Case 3 Severe ConditioBj = 5.25x 10~ 4m(~%/3)

Again Figure[ 3.7 shows that the estimator requires at leestinput frames to reliably
produce an estimate of the object that has a lower mean squanethan the average
simulated image’s MSE. Alls = 2 and thereafter the estimator can be expected to perform
better than the average mean square error of the recordegeimBhe improvement in
MSE available by including additional input frames hits aximaum of approximately 36

percent of full scale ai; = 14 and neither the MSE nor the standard deviation improves
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significantly as additional input images are added to thegssing stack. Figure 3.6 shows

(a) a sample recorded image, (b) a sample MFBD reconstradigtt and (c) a sample

bispectrum reconstructed object.

(a) (b) (©

Figure 3.6: Case 3 sample images. Compares (a) a sample turbulent
image (b) a sample MFBD reconstructed object and (c) a saomgpectrum
reconstructed object.

3.4.2 Poisson Noise Model Mean Photon Rax 10°, 30 photons per

pixel

Each set of 1000 turbulent images, representing the the thrbulence cases was used to
generate a set of speckle images with a mean photon counhpgeiof 2< 10°. Each set
of images was processed using the MFBD and bispectrum methextribed above. The
MFBD method used the cost function and gradients descritbeduations 3.16, 3.17, and

3.18.
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Gaussian: MFBD, Bispectrum, MSE vs. N Severe Condition
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Figure 3.7: Comparison of Bispectrlfjm and MFBD Mean Square Error as
the number of input image frames is increased. For MAB; 30, and the
number of iterations was fixed at 25. For BispectriNp,= 5 a = .3. Case

3 Severe turbulend@f = 5.25x 10~ 4m(~2/3)

3.4.2.1 Case 1 Low ConditiorC3 = 2.25x 10~ 14m(=2/3

Figure [3.8 shows the plots of mean square error for the MFBD hispectrum
reconstructors, as the number of imagBg, are varied. For comparison, the average
MSE for the entire data set is also provided. On average, MipBBormance is less
than the input images until 50 input frames are used in eagdnetruction. AtN; = 50
and thereafter the estimator can be expected to producdiaragsthat has a value lower
than 2095, the average mean square error of the images imthkated data set. Marginal
improvement in MSE continues as additional frames are atiigee image stack reaching

a maximum of about 38 percent improvement over the average d¥oss the data set.
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Bispectrum achieves similar results with far fewer inpwtnfies. MFBD performance
approximates that of speckle imaging techniques after tffses are processed in each
image stack. Processing times for the speckle imaging igearare much shorter than
MFBD. A sample simulated turbulent image is compared tomstracted objects in Fig.
[3.9. The MFBD sample was processed using 175 frames, thedtispn method used 200

frames in the reconstruction.
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Figure 3.8: Comparison of Bispectrum and MFBD Mean Square Error as
the number of input image frames is increased. For MFRPs 30, and
the number of iterations was fixed at 25. For Bispectridp=5 a = .3.
Poisson Case 1 Low conditi@f = 2.25x 10-2*m(=2/3), mean photon rate

2 x 10°, 30 photons per pixel
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(a) (b) ()
Figure 3.9: Case 1 Low condition sample images, Mean Photon Rate
2 x 10P, 30 photons per pixelC3 = 2.25x 10-m(=2/3). Compares (a)
a sample turbulent image (b) a sample MFBD reconstructeecolfy; =
175) and (c) a sample bispectruh; (= 200)reconstructed object. image.

3.4.2.2 Case 2 Moderate Conditio€3 = 3.75x 10 *m(~2/3)

Figure[3.10 shows (a) the diffraction limited image, (b) anpk&e recorded image, and
(c) a sample reconstructed object using 175 frames to dstitha object. Again we see
in Fig. [3.11 that the MFBD estimator will not perform on avgeaany better than the
average simulated turbulent image error until the numbémafes processed reaches 50
frames. AtN; = 50 and thereafter the estimator can be expected to perfettartthan the
average mean square error of the simulated image reachiagianoim of about 34 percent
improvement. The marginal improvement in MSE availablermfuding additional input
frames begins to decline at abdit = 175 where MFBD processing begins to approximate

speckle image processing performance.
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() (b) ()
Figure 3.10: Case 2 Moderate condition sample images, Mean Photon Rate
2 x 10°, 30 photons per pixeG3 = 3.75x 10~ 1*m(~=2/3), Compares (a) a
sample turbulent image (b) a sample MFBD reconstrudted=(175) object
and (c) a sample bispectrumi{ = 200) reconstructed object.

3.4.2.3 Case 3 Severe ConditioB = 5.25x 10~ 1*m(~2/3)

Again we see in Fid._3.12 that the MFBD estimator will not penfi on average any better
than the average image error until the number of imagesenffey the estimator reaches
50 frames. AtN; = 50 and thereafter the estimator can be expected to perfettarb
than the average mean square error of the simulated imagaimgaa maximum of about
33 percent. MFBD performance may exceed that of speckleimgaajter the number of
frames processed exceeds 150. Fidurel|3.12 indicates thM$ft for speckle imaging
increases. The number of frames is large with respect tazke$the data set, and only 5
trials were made witiN; = 200. The marginal improvement in MSE available by inclgdin
additional input frames begins to decline at about N = 175 ragither the MSE nor the
standard deviation seems to improve significantly frometaeradditional input images are

added to the stack. Figure 3113 shows (a) a sample simulatadént image (b) a sample
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Figure 3.11: Comparison of Bispectrum and MFBD Mean Square Error
as the number of input image frames is increased. For MABD; 30,
and the number of iterations was fixed at 25. For BispectiNgs 5 o =

.3. Poisson Case 2 Moderate conditi@g = 3.75x 10-m(=%/3) mean
photon rate 2 10° 30 photons per pixel

MFBD reconstricted object\; = 175, and (c) a sample bispectrum reconstructed object

N¢ = 200.
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Figure 3.12: Comparison of Bispectrum and MFBD Mean Square Error as
the number of input image frames is increased. For MFRPs 30, and
the number of iterations was fixed at 25. For Bispectritp=5 a = .3.

Poisson Case 3 Severe conditigh = 2.25x 10-1*m(=2/3), mean photon
rate 2x 10P, 30 photons per pixel

3.4.3 Poisson Noise Model Mean Photon Ratex 10°, 15 photons per

pixel

3.4.3.1 Case 1 Low ConditiorC% = 2.25 x 10~ 14m(~2/3)

Figure[3.1I5 shows the plots of mean square error for the oissise model MFBD, and

bispectrum reconstructors, as the number of imalyesare varied. For comparison, the
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() (b) ()
Figure 3.13: Case 3 Severe condition sample images, Mean Photon Rate
2x 108, C§ = 5.25x 10 *m(~%/3), Compares (a) a sample simulated
turbulent image (b) a sample MFBD reconstructed objlg¢t= 175, and
(c) a sample bispectrum reconstructed oblgct 200

average MSE for the entire data set is also provided. On geeMFBD performance is
less than the input images until 50 input frames are usedcim egconstruction. All; = 50
and thereafter the estimator can be expected to producdiaratsthat has a value lower
than the average mean square error of the images in the seddlata set. The performance
of the MFBD estimator will on average exceed that of speakiaging techniques at when
the number of frames processig > 50. MFBD error reduces as additional frames are
added to the image stack reaching a maximum of about 38 gamprovement over the
average MSE across the data set. A sample simulated tutbolege is compared to
reconstructed objects in Fig._3]14. The MFBD sample wasgased using 175 frames, the
bispectrum method used 200 frames in the reconstructi@teBsing times for bispectrum

are significantly shorter than for MFBD.
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Figure 3.14: Case 1 Low conditiorC3 = 2.25x 10~ *m(=2/3), mean
photon rate & 10°. Compares (a) a sample simulated turbulent image (b) a
sample MFBD reconstricted obje®; = 175, and (c) a sample bispectrum
reconstructed objedd; = 200

3.4.3.2 Case 2 Moderate Conditio€5 = 3.75x 10 *m(~2/3)

Figure[3.16 shows the plots of mean square error for the Gwissise model MFBD and
bispectrum reconstructors, as the number of imagesye increased. For comparison, the
average MSE for the entire data set is also provided. On geeMFBD performance is
less than the input images until 50 input frames are usedcim egconstruction. Ay = 50
and thereafter the estimator can be expected to producdiaratsthat has a value lower
than the average mean square error of the images in the seddlata set. The performance
of the MFBD estimator will on average exceed that of speakiaging techniques at when
the number of frames processHg > 50. MFBD error reduces as additional frames are
added to the image stack reaching a maximum of about 38 gersprovement over the
average MSE across the data set. A sample simulated tutbolege is compared to

reconstructed objects in Fig._3117. The MFBD sample wasgased using 175 frames, the
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Figure 3.15: Comparison of Bispectrum and MFBD Mean Square Error
as the number of input image frames is increased. For MABDs 30,
and the number of iterations was fixed at 25. For Bispectp= 5 a =

.3. Poisson Case 1 Low turbulenGg = 2.25x 1014, mean photon rate

1 x 10° 15 photons per pixel

bispectrum method used 200 frames in the reconstructi@mteBsing times for bispectrum

are significantly shorter than for MFBD.

3.4.3.3 Case 3 Severe ConditioB3 = 5.25x 10~ 4m(=2/3)

Figure[3.18 shows the plots of mean square error for the oissise model MFBD and
bispectrum reconstructors, as the number of imalyesare varied. For comparison, the

average MSE for the entire data set is also provided. On geeMFBD performance is
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Figure 3.16: Comparison of Bispectrum and MFBD residual Mean Square
Error as the number of input image frames is increased. FBM, =

30, and the number of iterations was fixed at 25. For BispattNy =5 a
=.3. Poisson Case 2 Moderate turbule@ge= 3.75x 10~ *m(~2/3), mean
photon rate 1 10° 15 photons per pixel

less than the input images until 50 input frames are usedcim egconstruction. All; = 50
and thereafter the estimator can be expected to producdiaragsthat has a value lower
than the average mean square error of the images in the seddlata set. The performance
of the MFBD estimator will on average exceed that of speaklaging techniques at when
the number of frames processHg > 50 until 125 frames are used in the reconstruction.
for Ny = 125 and 150, MFBD and Speckle techniques achieve approsiynthe same

results. MFBD error reduces as additional frames are adu#tketimage stack reaching a
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(2) (b)

Figure 3.17: Case 2 Moderate turbulen@g = 3.75x 10~ m(-%/3) mean
photon rate 1 10°.Compares (a) a sample turbulent image (b) a sample
MFBD reconstructed object and (c) a sample bispectrum stnacted
object.
maximum of about 40 percent improvement over the average M$&ss the data set. A
sample simulated turbulent image is compared to reconstiuabjects in Figl_3.19. The

MFBD sample was processed using 175 frames, the bispectmtimooh used 200 frames

in the reconstruction.

3.4.4 Poisson Noise Model Mean Photon Ratex 10°, 8 photons per

pixel
3.4.4.1 Case 1 Low ConditiorC2 = 2.25x 10~ m(=2/3)

Figure[3.21 shows the plots of mean square error for the &wissise model MFBD and

bispectrum reconstructors, as the number of imalyess increased. For comparison, the
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Figure 3.18: Bispectrum MFBD Mean Square Error vs. number of frames.
Poisson Case 3 Severe turbule@e= 2.25x 10-1*m(~%/3), mean photon
rate 1x 1P 15 photons per pixel

average MSE for the entire data set is also provided. On geeMFBD performance is
less than the input images until 25 input frames are usedcim egconstruction. Ay = 25
and thereafter the estimator can be expected to producdiaratsthat has a value lower
than the average mean square error of the images in the saddlata set. The mean square
error produced by the MFBD estimator will on average be lean that of speckle imaging
techniques when the number of frames proce$&ed 100. One possible reason that the
speckle imaging estimator performance has diminishedafgrel numbers of input frames
is that the estimator was optimized for higher light leveBnly 5 bispectrum subplanes

were used to reconstruct the phase estimate, which is suffiicr high light levels, but the
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(a) (b) (©)

Figure 3.19: Case 3 Severe turbulen@§ = 5.25x 10~ m(=%/3), mean

photon rate 1 10°.Compares (a) a sample turbulent image (b) a sample

MFBD reconstructed object and (c) a sample bispectrum stnacted

object.
inclusion of higher frequency offsets may increase theenighe final estimate thereby
degrading the MSE performance. Affdf > 125 mean square error is not further reduced
by MFBD processing. A sample simulated turbulent image mpgared to reconstructed

objects in Fig[[3.20. The MFBD sample was processed usindgraites, the bispectrum

method used 200 frames in the reconstruction.

3.4.4.2 Case 2 Moderate Conditio€3 = 3.75x 10~ 14m(~%/3)

Figure[3.28 shows the plots of mean square error for the ®oissise model MFBD and
bispectrum reconstructors, as the number of imalyess increased. For comparison, the
average MSE for the entire data set is also provided. On geefdFBD performance

is less than the input images until 50 input frames are usezhah reconstruction. The
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(a) (b) | (c)

Figure 3.20: Case 1 Low turbulenc€d = 2.25x 10-*m(=%/3), mean
photon rate 5« 10°. Compares (a) a sample turbulent image (b) a sample
MFBD reconstructed objecN; = 175, and (c) a sampl&; = 200,
reconstructed object.

performance of the MFBD estimator will on average exceed tfiasspeckle imaging

techniques at when the number of frames procedged 75. MFBD error reduces as
additional frames are added to the image stack. One possason that the speckle
imaging estimator performance has diminished for large mennof input frames is that
the estimator was optimized for higher light levels. OnlyiSpectrum subplanes were
used to reconstruct the phase estimate, which is sufficantigh light levels, but the

inclusion of higher frequency offsets may increase theenighe final estimate thereby
degrading the MSE performance. A sample simulated turbuleage is compared to

reconstructed objects in Fig._3122. The MFBD sample wasgs®ed using 175 frames, the
bispectrum method used 200 frames in the reconstructi@teBsing times for bispectrum

are significantly shorter than for MFBD.
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Figure 3.21: Comparison of Bispectrum and MFBD Mean Square Error as
the number of input image frames is increased. For MFRPs 30, and
the number of iterations was fixed at 25. For Bispectritp=5 a = .3.

Poisson Case 1 Low turbulen@g = 2.25x 10 *m(~2/3), mean photon
rate 5x 10°, 8 photons per pixel

3.4.4.3 Case 3 Severe ConditioB2 = 5.25 x 10~ 14m(~2/3)

Figure[3.25 shows the plots of mean square error for the oissise model MFBD and
bispectrum reconstructors, as the number of imalyess increased. For comparison, the
average MSE for the entire data set is also provided. The ragaare error produced
by the MFBD estimator will on average be less than that of klpeitmaging techniques

when the number of frames procesd$é&d> 50. Mean square error is further reduced by
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(a) (b) (©)

Figure 3.22: Case 2 Moderate turbulen@g = 3.75x 10~ m(-%/3) mean
photon rate 5 10°. Compares (a) a sample turbulent image (b) a sample
MFBD reconstructed object and (c) a sample bispectrum stnacted
object.

MFBD processing. One possible reason that the speckle mgagstimator performance
has diminished for large numbers of input frames is that gtenator was optimized

for higher light levels. Only 5 bispectrum subplanes weredu® reconstruct the phase
estimate, which is sufficient for high light levels, but thclusion of higher frequency

offsets may increase the noise in the final estimate theretpsading the MSE performance.
A sample simulated turbulent image is compared to recoctgtmiobjects in Fig.3.24. The
MFBD sample was processed using 175 frames, the bispectretimooh used 200 frames

in the reconstruction.
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Figure 3.23: Comparison of Bispectrum and MFBD Mean Square Error as
the number of input image frames is increased. For MAB; 30, and the
number of iterations was fixed at 25. For Bispectritp=5 a = .3. Poisson

Case 2 Moderate turbulen@§ = 3.75x 10-14m(=2/3) mean photon rate
5x 10° 8 photons per pixel

3.5 Conclusions

The performances of a speckle imaging estimator and an streamed optimization-based
multi-frame blind deconvolution estimator were companederms of the mean squared
error between the object reconstructed using the method atiffraction limited image.

Three 1000-image data sets of a single image distorted by rfovderate, and severe

turbulence that includes anisoplanatic effects were agdpb both methods and their MSE
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(a) (b) (©)

Figure 3.24: Case 3 Severe turbulen@g = 5.25x 10 m(=2/3), mean

photon rate 5 10°.Compares (a) a sample turbulent image (b) a sample

MFBD reconstructed object and (c) a sample bispectrum stnacted

object.
performance evaluated. At normal illumination levels aevidnge of turbulence cases
would be well served by either SI or MFBD. Point performansgneates, using a data set
of 1000 simulated turbulence corrupted images, indicaegheckle-imaging techniques
reduce the MSE 46, 42 and 47 per cent on average for low, miederad severe turbulence
conditions respectively using 15 input frames under dagtoonditions and moderate
frame rates. Similarly, the MFBD method provides, 40, 29 &6 improvements in
MSE on average under the same conditions. But the speckiaitpees are significantly
faster. The comparison is repeated under decreasing ilktion conditions (less than
100 photons per pixel) where improvements of 39, 29 and 2aw#able using speckle
imaging methods and 25 input frames and 38, 34 and 33 regplgctor the MFBD
method and 150 input frames respectively under the assamitat the phase errors can

be characterized as a Gaussian distribution. For all steditairbulence cases, significant

reductions were observed with as few as two input imagesthiedPoisson case, significant

97



5000 T T T T T T T T T

4500f — = —— - - ——— - - —— - - - — - - —— - —
4000
3500
3000

2500
20001 ]
1500 7

Post—Reconstruction MSE

1000+ —— MFBD il
————— Bispectrum
500+ 7

T _uData

0 1 1 1 1 1 1 1 1 1
20 40 60 80 100 120 140 160 180 200

N,

Figure 3.25: Bispectrum and MFBD Mean Square Error vs. number of
frames. Poisson Case 3 Severe turbul@fge 5.25 x 10-14 mean photon
rate 5x 10°

results were achieved with as few as 50 frames for MFBD andids for speckle.
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Chapter 4

MFBD Estimator Performance With

Field Data

4.1 Introduction

H In this chapter | describe the performance of the MFBD edtimasing field images
that were gathered as an ancillary part of a free-space-t@semunications experiment
[35]. The purpose of this was to demonstrate the performamceeal field data. The
transmitter side of the experiment consisted of an 808 ner kaansmitter and a pinwheel

target. The receiver end of the experiment was a 30 cm Cefestlescope located 3.046

1The material in this chapter has been accepted for puldicéati Optical Engineering.
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Table 4.1
Date, time, and wave front sensor turbulence measuremege taken at
approximately the same time as the images in data set 1, 3 wede
recorded

| Field Data Turbulence Parameters |

Data Set Date Time ro (cm)
Setl| 1July2009| 14:.00 EDT| 4.6t05.2
Set 2| 14 July 2009| 14:.00 EDT| 2.3t0 2.4
Set 3| 24 July 2009| 19:00 EDT| 1.78t0 2.8

km downrange. The imaging path extended horizontally owh lband and water at
approximately 250 meters above sea level. As part of the aamuations experiment
simultaneous images and turbulence measurements were uakey a Shack-Hartmann
wave front sensor and a Point Grey CCD camera. Morning ardraftn data recording
was challenging because the image path was oriented wittetbgcope looking from
East to West and the low azimuth sun saturated the cameraiméges used in MFBD
reconstruction were recorded in the absence of continudeS Mveasurements because the
active laser present in the images recorded for the commatioins experiment regularly
saturated the image sensor. Turbulence measurements akere for three 27 second
intervals prior to and post image collection. WFS sensoa deds not concurrent with
the images. My assumption is that the atmospheric turbaldittnot change more rapidly
than the data could be recorded. The Fried parameter essrf@t each data seaty are

shown in Tablé4]1.
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4.2 1400 EDT 1 July, 14 July 2009 Image Processing

Images from the 1 July and 14 July 2009 data set were procassad the MFBD
estimator. A 250« 250 pixel region of interest was extracted from the recoidejes and
padded up to 25& 256 by replicating the pixels at the margin of the image outlvd 5
images were processed using a spatially averaged initial&®. The images were applied

to the estimator for 20 iterations and the result is showrigfed 4.1, anf 412.

Sample Input Image 1 July 2009 1400 EDT Reconstructed Object

(b)

Figure 4.1: Field Data Reconstruction from 1 July 1400 EDT data set,gisin
the Gaussian noise model MFBD reconstructéy, = 15, Niter = 20, ro
4.6 - 5.2 cm. A sample input image is shown in Figure (a) andnapsa
reconstructed image in Figure (b).
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Sample Image 14 July 2009 1400 EDT Reconstructed Object, N = 20, N L= 35, Iterations = 20

Figure 4.2: Field Data Reconstruction from 14 July 1400 EDT data set,
using the Gaussian noise model MFBD reconstrudtigrs 15, Niter = 20,

ro 2.3-2.4 cm. A sample input image is shown in Figure (a) andhapsa
reconstructed image in Figure (b)

4.3 1900 EDT 24 July 2009 Image Processing

Images from the 24 July 2009 1900 EDT data set were processied the MFBD
estimator. A 250 X 250 pixel region of interest was extradtedn the recorded images
and padded up to 256 X 256 by replicating the pixels at the marfgthe image outward.
Ry for this data set ranged from 1.78 - 2.8 cm, substantiallyllemthan data set 1. To
provide more information for the estimator to work with, 28ages were processed using
35 Zernike coefficients and 20 iterations of the estimator.spatially averaged image
calculated from the current image stack, was used as aaliegiimate. The images were

applied to the estimator and the result is shown in Figure 4.3
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Sample Image 24 July 2009 1900 EDT Reconstructed ObjeCI, Nf =20, Nz = 35, Iterations = 20

Figure 4.3: Field Data Reconstruction from 24 July 1900 data set, usiag t
Gaussian noise model MFBD reconstrudibrs 35, N; = 25, Niter = 20,9
1.78 - 2.8 cm. A sample input image is shown in Figure (a) andnapée
reconstructed image in Figure (b)

4.4 Conclusions

Processing with 1July 2009 and 14 July 2009 field data withMiRBD reconstruction

produced results qualitatively similar to those achievéith whe simulated anisoplanatic
images reported in Chapier 2 ddd 3, over a modest range ofptranc turbulence. In the
presence of stronger turbulence, evidenced by the smallenated values oRy for the

24 July data set, the MFBD processing required additioraltiframes to be applied to
the estimator to achieve an output that was qualitativetylar to the 1July and 14 July
data sets. This points to the need for some options for a fysligts that would enable the

operator to adjust the number of images, the exit critenidife estimator and the number
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of Zernike coefficients that result in a reconstruction fratvides the "best" image for the

user.
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Chapter 5

The Effect of Using Bispectrum as the

Initial Estimate for the MFBD Estimator

5.1 Introduction

Both bispectrum and MFBD have strengths to recommend therspeBtrum produces
rapid results but requires an estimate @ and a to get started. The MFBD

method converges more slowly but has the potential to p@dubigher quality image

1The material in this chapter has been accepted for pulditéi Optical Engineering.
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reconstruction. However, MFBD requires an initial estienatt the object to get started and
is subject to trapping in a local minimum of the cost functidrhe reduced run time of
the bispectrum estimator suggests that it may offer a quakte provide a better starting
point for the MFBD estimator. Reconstruction processin@iapters 2,13 and 4 used the
spatial average of the input images as a starting point ®LtBFGS optimization routine.

In Chaptelb | describe an attempted hybrid strategy to coettie best of both techniques.

5.2 Bispectrum initial estimate, limited iterations

In the first case, a bispectrum estimate for the object iitieasvas used to replace the
ensemble average of the input images as the starting paithédoMFBD estimator and

the number of iterations was used as the exit criteria forestenator. The MSE was

calculated as a function of the number of input frames usdtarestimate. Setting the
number of processing iterationshiter = 40 and limiting the number of input framesitp

= 15 the hybrid method, B-MFBD, reduced the MSE by 16.9, 188l 14.9 percent over
MFBD processing using the ensemble average as the staxingwhen processing the
low, moderate and severe turbulence data sets respef@6El\When compared to the Sl
processing, reductions of 9.4, 8.4, and 6.6 percent in MSie wieserved. Reconstruction
times for each frame averaged approximately 1 minute fgpdaisum, 10 minutes for

MFBD, and 35 minutes for the B-MFBD hybrid. These results summarized in Table

5.1. The hybrid B-MFBD improves on the performance of thedtad MFBD estimator
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Table 5.1
Mean and variance for MFBD, Bispectrum and the hybrid B-MFBD
methods for Low turbulencg = 2.25x 10~ “m(=2/3)  Moderate
ConditionCZ = 3.75x 10~ 1“m(=2/3) and Severe Condition
C2 =5.25% 10 *m=2/3). Processing was accomplished with= 15, N,
= 15 and the exit criteria for the optimization routine se4@iterations.

MFBD Bispectrum| B-MFBD
u o u o u o
Low 431.0| 329 | 395 | 21.0| 358 | 32.9
Moderate| 617.0| 94.5 | 548.5| 28.5| 502.6| 32.9
Severe | 779.0| 103.5| 710.8| 34.6| 663.5| 34.4

and approximates the performance of the Sl estimator. Oméfigiant characteristic of the

B-MFBD estimator is an 4-6 percent improvement on the vaeant the estimate over Sl

and MFBD applied by themselves as seen in Figuré$ 5.1, Sd& an

MSE vs. N, Low Condition, Bispectrum Bispectrum-MFBD MSE vs. N, Low Condition

10 5 20 25 5 0 5 20 25 5 15 20 25 30 35 0 45 50
@ " " ©"
)

Figure 5.1: Mean Square Error performance vs. number of frames using
the (a) MFBD alone, (b) Bispectrum alone, and (c) B-MFBD noethising
bispectrum to provide an initial estimate for processinghwhe MFBD
estimator. Gaussian Case 1 low turbule6@e= 2.25x 10~ 14m(~2/3) N¢ =

15.

107



(@) (b)

Figure 5.2: Limited iteration B-MFBD Samples, Gaussian Case 1 low
turbulenceC? = 2.25 x 10-m(~%/3 images: (a) input frame, and (b)
sample B-MFBD reconstructed object.

10 15 20 25 5 1 15 20 25 s 1520 25 30 35 40 45 50
N, N, N,
¥ ¥ v

(@ (b) ©

Figure 5.3: Mean Square Error performance vs. number of frames using
the (a) MFBD, (b) Bispectrum, and (c) B-MFBD method usingpleistrum

to provide an initial estimate for processing with the MFBBtimator.
Gaussian Case 2 moderate turbule@ge= 3.75x 10~ 2m(~2/3), N; = 15.

5.3 B-MFBD run to convergence

Further efforts to explore the performance charactesstf¢his technique used a value for

the gradient of the cost function as the exit criteria for thBFGS optimization routine
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@ (b)

Figure 5.4: Limited iteration B-MFBD Samples, Gaussian Case 2 moderate
turbulenceCg = 3.75x 10 *m(~2/3): (a) input frame, and (b) sample
B-MFBD reconstructed object.

MSE vs. N, Severe Condition, MFBD MSE vs. N, Severe Condition Bispectrum Bispectrum-MFBD MSE vs. N,. Severe Condition

20 25 S 10 15 20 25 30 35 40 45 50
N

10 (b)»‘l, 15 2! (C) )

Figure 5.5: Mean Square Error performance vs. number of frames using
the (a) MFBD, (b) Bispectrum, and (c) B-MFBD method usingpleistrum
to provide an initial estimate for processing with the MFBBtimator.
Gaussian Case 3 severe turbule@fe= 5.25x 10~ 14m(~2/3) N¢ = 15.
and allowed the estimator to run until it converged. A valéigae 10,000 was set and
the B-MFBD estimator allowed to run until convergence proetlithe object estimates

seen in Figures 5.7 (d), 5.8 (c), and]5.9 (c). Because priogcemes are both long and

unpredictable, this technique is unlikely to see applarain field system.
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(b)

Figure 5.6: Limited iteration B-MFBD Samples, Gaussian Case 3 severe
turbulenceC? = 5.25x 10~ *m(~2/3) images: (a) input frame, (b) sample
B-MFBD reconstructed object

@ (b)

Figure 5.7: B-MFBD run to convergence using Sl initial estimate. (a) Low
turbulence condition input image sample, (b) Initial estienfrom S| as
MFBD starting point, (c) B-MFBD output when run to convergen

5.4 Conclusions

The B-MFBD estimator using the bispectrum estimator to jgethe MFBD processing

algorithm with an initial starting point produces modest B@erformance improvement
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Figure 5.8: B-MFBD run to convergence using Sl initial estimate. (a)
Moderate turbulence condition input image sample, (bjdhéstimate from
Sl as MFBD starting point, (c) B-MFBD output when run to corgence

(b)

Figure 5.9: B-MFBD run to convergence using Sl initial estimate. (a)
Severe turbulence condition input image sample, (b) Ingsiimate from
Sl as MFBD starting point, (c) B-MFBD output when run to corgence

over speckle imaging and MFBD alone when 15 input frames sed in the reconstruction
with 15 Zernike terms and 40 iterations of the MFBD algotithidowever, the hybrid
B-MFBD method produced substantial improvement in thenestie variance. Qualitative
improvements were achieved by letting the optimization watil convergence but this
technique may not be suitable for embedded system implatientbecause of long,

unpredictable processing times.
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Chapter 6

Conclusion and Thoughts on Future

Work

6.1 Conclusion

In Chapter[2 | found that it is possible to jointly estimatee thixel intensities and
the Zernike coefficients using a multi-frame blind decomtioin estimator and that the
MFBD reconstructed images showed significant improvenremgan squared error(MSE)
compared to the average MSE for low, moderate, and severesptraric turbulence
conditions using a generalized set of parameters selattdviance. This quality sets the

stage for the development of a robust system that could beatgueby unsophisticated
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users under a wide variety of seeing conditions. For the Sansnoise model case
the improvement in MSE was 40 percent for the low turbuleregecusing as few as
14 images and 30 Zernike coefficients in the reconstruct&percent for moderate
turbulence, and 36 percent for severe turbulence case.metra study of the number
of Zernike terms useful in reconstruction showed that usimgge that 30 terms did not
meaningfully improve the MSE. Image padding was assessktdtermined that padding
the images with a combination of edge replicated pixelofedid by zeros produced the
best results. Processing times increased dramatically wieimages were not padded
to NxN = 2"x2" to take advantage of MATLAB'’s FFT algorithms. The applioatiof
tapering filters at the margin between the image and the pgdtigraded the estimator’s
performance. The number of iterations allowed to the L-BF&&8mator, the number
of frames used in the reconstruction and the number of Zerpdynomial coefficients
used in the reconstruction had a significant, approximaitehar, impact on the amount of
time reconstructions required. In Chaptér 3 | showed thatoamal illumination levels
a wide range of turbulence cases would be well served byre§her MFBD. Point
performance estimates, using a data set of 1000 simulatbdi¢énce corrupted images,
indicate that speckle-imaging techniques reduce the MSE426and 47 per cent on
average for low, moderate, and severe turbulence conditiespectively using 15 input
frames under daytime conditions. Similarly, the MFBD metipoovides, 40, 29, and 36
improvements in MSE on average under the same conditions tiguspeckle techniques

are significantly faster. When the comparison is repeatetkmuudecreasing illumination
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conditions (less than 30 photons per pixel, improvement39f29 and 27 are available
using speckle imaging methods and 25 input frames and 38,n8438 respectively
for the MFBD method and 150 input frames respectively unbderassumption that the
phase errors can be characterized as a Gaussian distnibEto all simulated turbulence
cases, significant reductions were observed with as few asirfput images. For the
Poisson case, significant results were achieved with as $eb0drames for MFBD and
2 frames for speckle. In Chapfer 4 | demonstrated that psaogsvith field data using the
MFBD technique produced qualitatively similar resultsiow@enodest range of atmospheric
turbulence. In Chaptdr 5 | demonstrated a novel hybrid B-RF&stimator using the
Sl estimator to provide the MFBD processing algorithm with iaitial starting point.
The B-MFBD algorithm produces modest MSE performance imgmoent over speckle
imaging alone using 15 input frames, 15 Zernike terms andef@tions of the MFBD
algotithm. However, the hybrid B-MFBD method produced sabsal improvement in the
estimate variance. Qualitative improvements in the rettooed object were achieved by
letting the B-MFBD optimization process run until convemnge but this technique may not
be suitable for embedded system implementation becausagfuinpredictable processing

times.
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6.2 Future Work

The first thing | intend to explore is the relationship betwé®e point spread function that
is recovered by MFBD processing of the Lenna data sets angddime spread functions
associated with pin-cushion images that are propagatet attenticaly turbulent paths.

This work is currently in progress.

Local minimum trapping is one of the hazards of the BFGS opttion algorithm. One
strategy that can be employed to mitigate this problem isudeeof simulated annealing.
This could be applied in several ways. At the point where ttigal guess at the object
is made, whether by spatial averaging or the use of a bigpaatstimate, it is possible to
perturb the guess slightly through the addition of a zeraamanity-variance random value
to the object estimate. This result could be compared togbedand MSE achieved when
the initial guess Zernike coefficients are determined thhomultiple random draws which
could be quickly evaluated against the cost function proapplication of the L-BFGS

algorithm. A better initial guess should produce a betteonstruction, more quickly.

The MFBD optimization algorithm is one of many ways to maxmthe log-likelihood
functions developed in Chaptdrs 2 did 3. The use of gengfritims to achieve that
goal may offer opportunities to explore. In general genagorithms cope well with large

numbers of variables, search over wide areas of the surfammntplex cost functions and
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work well with parallel computing. Applying this technigteethe reconstruction of images

corrupted by atmospheric turbulence may prove fruitful.

116



References

[1] J. P. Bos and M. C. Roggemann, “Mean squared error pedoca of
speckle-imaging using the bispectrum in horizontal imggapplications,” vol. 51,

no. 11, p. 805603, 2011.

[2] S. Baiotti, G. Scazzola, G. Battaini, and E. Crova¥ivances in UAV Data Links:
Analysisof Requirement Evolution and Implications on Future Equipment. Ft Belvoir,

VA: Defense Technical Information Center, 2000.

[3] A. Labeyrie, “Attainment of diffraction limited resotion in large telescopes by
fourier analysing speckle patterns in star imagAastfonomy and Astrophysics, vol. 6,

p. 85, May 1970.

[4] G. R. Ayers and J. C. Dainty, “lterative blind deconvatuit method and its

applications,'Opt. Lett., vol. 13, pp. 547-549, Jul 1988.

[5] A. W. Lohmann, G. Weigelt, and B. Wirnitzer, “Speckle rkasy in astronomy: triple

correlation theory and applicationg\ppl. Opt., vol. 22, no. 24, pp. 4028-4037, 1983.

117



[6] G.R. Ayers, M. J. Northcott, and J. C. Dainty, “Knox-thpson and triple-correlation

[7]

[8]

[9]

[10]

[11]

imaging through atmospheric turbulence]’ Opt. Soc. Am. A, vol. 5, no. 7,

pp. 963-985, 1988.

R. J. Noll, “Zernike polynomials and atmospheric tusaute,” J. Opt. Soc. Am.,

vol. 66, pp. 207-211, Mar 1976.

R. A. Gonsalves and R. Chidlaw, “Wavefront sensing bygghaetrieval,” inSoci ety of
Photo-Optical Instrumentation Engineers (SPIE) Conference Series (A. G. Tescher,
ed.), vol. 207 of Society of Photo-Optical Instrumentation Engineers (SPIE)

Conference Series, pp. 32—-39, 1979.

B. J. Thelen, R. G. Paxman, D. A. Carrara, and J. H. Seldviaximum a
posteriori estimation of fixed aberrations, dynamic aliemns, and the object from

phase-diverse speckle datd, Opt. Soc. Am. A, vol. 16, pp. 1016-1025, May 1999.

B. J. Thelen, R. G. Paxman, D. A. Carrara, and J. H. Seld®vercoming
turbulence-induced space-variant blur by using phasersivspeckle,J. Opt. Soc.

Am. A, vol. 26, pp. 206—218, Jan 2009.

R. G. Paxman, T. J. Schulz, and J. R. Fienup, “Joint edgton of object and
aberrations by using phase diversity, Opt. Soc. Am. A, vol. 9, pp. 1072-1085, Jul

1992.

118



[12]

[13]

[14]

[15]

[16]

[17]

[18]

D. Fraser, G. Thorpe, and A. Lambert, “Atmospheric tuemce visualization with
wide-area motion-blur restoration]. Opt. Soc. Am. A, vol. 16, pp. 1751-1758, Jul

1999.

T. J. Schulz, “Multiframe blind deconvolution of astremical images,J. Opt. Soc.

Am. A, vol. 10, pp. 1064-1073, May 1993.

M. A. Vorontsov and G. W. Carhart, “Anisoplanatic imagithrough turbulent media:
image recovery by local information fusion from a set of skexposure images,”

Journal of the Optical Society of America A, vol. 18, pp. 1312-1324, Jun 2001.

C. J. Carrano, “Speckle imaging over horizontal pat, 4825, pp. 109-120, Proc.
SPIE, 2002.
P. F. Curt, M. R. Bodnar, F. E. Ortiz, C. J. Carrano, and Eelmelis, “Real-time

embedded atmospheric compensation for long-range imagsnggy the average

bispectrum speckle methodtoc. SPIE, vol. 7244, p. 12, 2009.

A. N. Kolmogorov, “The local structure of turbulenceimcompressible viscous fluid
for very large reynolds numberg7toceedings: Mathematical and Physical Sciences,

vol. 434, no. 1890, pp. pp. 9-13, 1991.

M. C. Roggemann and B. M. Welshmaging Through Turbulence. Boca Raton, FL:

CRC Press, 1996.

119



[19] J. C. Wyngaard, Y. lzumi, and J. Stuart A. Collins, “Beilma of the
refractive-index-structure parameter near the grouddOpt. Soc. Am., vol. 61,

no. 12, pp. 1646-1650, 1971.

[20] R. E. Hufnagel, “Propagation through atmopspheribdilgnce,” in The Infrared
Handbook (W. L. Wolfe and G. Zissis, eds.), Office of Naval Researchp@ement

of the Navy, Arlington, VA, 1978.

[21] D. L. Fried, “Limiting resolution looking down througihe atmosphere,). Opt. Soc.

Am,, vol. 56, no. 10, pp. 1380-1384, 1966.

[22] D. L. Fried, “Anisoplanatism in adaptive optics]. Opt. Soc. Am., vol. 72, no. 1,

pp. 52-52, 1982.

[23] J. P. Bos and M. C. Roggemann, “Technique for simulaangsoplanatic image
formation over long horizontal pathsOptical Engineering, vol. 51, no. 10,

p. 101704, 2012.

[24] R. K. Tyson, “Conversion of zernike aberration coeéitis to seidel and higher-order

power-series aberration coefficient®t. Lett., vol. 7, pp. 262—-264, Jun 1982.

[25] G. Conforti, “Zernike aberration coefficients from del and higher-order

power-series coefficientsQpt. Lett., vol. 8, pp. 407—408, Jul 1983.

[26] M. Born and E. Wolf,Principles of Optics: Electromagnetic Theory of Propagation,

Interference and Diffraction of Light (7th ed). EImsford, NY: Pergamon Press, 1999.

120



[27] G. E. Archer, J. P. Bos, and M. C. Roggemann, “Reconstmcof long
horizontal-path images under anisoplanatic conditionsgusnultiframe blind

deconvolution,Optical Engineering, vol. 52, August 2013.

[28] J. W. Goodmanintroduction to Fourier Optics. Boston, MA: McGraw Hill, 1996.

[29] M. Wakin, “Lena512 standard test images.”

[30] F. Harris, “On the use of windows for harmonic analysighwthe discrete fourier

transform,”Proceedings of the IEEE, vol. 66, pp. 51 — 83, Jan 1978.

[31] The Mathworks Inc., “MATLAB.” version 7.12.0.635 (R2Qa), 2011.

[32] D. Leblanc, “L-BFGS.” MTRI, Ann Arbor MI, 2011.

[33] G. E. Archer, J. P. Bos, and M. C. Roggemann, “Mean squareor performance
of mfbd nonlinear scene reconstruction using speckle intagi horizontal imaging
applications,” vol. 8399 oMsual Information Processing XXI, p. 11, SPIE, SPIE

Proceedings, 2012.

[34] M. R. Billings, P. A. and B. Stribling, “Mitigating turblence-induced image blur
using multi-frame blind deconvolution,” iAMOS Technical Conference, (Wailea,

HI), pp. 506-512, Sept. 2001.

[35] A. V. Sergeyev, M. C. Roggemann, and C. Demars, “Near gheund laser
communication system: anisoplantic studies based on thHe m&asurements,”

Proceeding of the SPIE, vol. 8038, p. 13, 2011.

121



[36] J. P. Bos, G. E. Archer, and M. C. Roggemann, “Using sleeitkaging techniques
as a starting point for mfbd scene reconstruction from lomyiziontal-path,

turbulence-degraded imagery,” vol. 8874, p. 11, Oct 2013.

[37] Unknown, “Boats, USC-SIPI Image Database.”

122



Appendix A

A.1 MFBD processing of the “Boats" Data Set

In Chapter 2 | described the use of the MFBD processing withulent images based
on the "Lenna" image and in Chapier 5 that algorithm was ueeprdcess field data
which was submitted for publication in Optical Engineerinpp addition to those data
sets, three sets of date based on the “Boats" inage [37] weocegsed. This image was
processed using the propagation simulator described H2BJassing the same parameters:
propagation distance, wavelength, aperture size,G§alues shown in Tablg 2.1 that
were used on the “Lenna" data set used in Chapters 4 land 3. Bte prformance
of the MFBD reconstruction algorithm for the three turbwercases, Gaussian Case 1
low turbulenceC} = 2.25x 10~ *m(=2/3) Gaussian Case 2 moderate turbuleGfe=
3.75x 10-m(=2/3) and Gaussian Case 3 severe turbulgdge= 5.25x 10~ 4m(~2/3)

are similar to that demonstrated by MFBD processing with‘tiemna” image based data
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sets for similar turbulence levels. The results for all éhdata sets are shown in Figure

[A.1l. The diffraction limited image used to calculate the M@H#formance of the estimator
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Figure A.1: Evaluation of Mean Square Error vs. number of frames used in
the MFBD processing witt\; = 30, and the number of iterations limited
to 30. (a) Gaussian Case 1 low turbuler@g = 2.25x 10 14m(~2/3),

(b) Gaussian Case 2 moderate turbule6@e= 3.75 x 10 m(=2/3), (c)
Gaussian Case 3 severe turbule@fe= 5.25x 10~ 1*m(~2/3),

as described in Equatidn_2]25 is shown in Figurel A.2 Sampléspuit image frames

and reconstructions for Low, Moderate and Severe turbeleases are shown in Figures

A3[A4,andAb.
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Figure A.2: Diffraction limited image from the “Boats" data sets.

(@ (b)

Figure A.3: Sample input and reconstructed image from the “Boats" data
set processed with the MFBD algorithm, wily = 30, and the number
of iterations limited to 30. Gaussian Case 1 low turbule@fe= 2.25 x

1o—14m(—2/3)_
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(@ (b)

Figure A.4. Sample input and reconstructed image from the “Boats" data
set processed with the MFBD algorithm, wity = 30, and the number of
iterations limited to 30. Gaussian Case 2 moderate turbalgg = 3.75 x
10-14m(—2/3).

(@ (b)

Figure A.5: Sample input and reconstructed image from the “Boats" data
set processed with the MFBD algorithm, with = 30, and the number of
iterations limited to 30, Gaussian Case 3 severe turbul@ice 5.25 x
10-14m(—2/3).
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Appendix B

B.1 Letters of Permission

The content of Chapters 2, 3, 4, and 5 have been publishec amaler peer review for
publication in the SPIE journal, "Optical Engineering."ti@pl Engineering’s publication
policy as stated in the SPIE Transfer of Copyright agreepaarnthors or their employers,
in the case of works made for hire, retain the following rgghall proprietary rights other

than copyright, including patent rights.

e The right to make and distribute copies of the Paper for matigpurposes.
e The right to use the material for lecture or classroom pugpos

e The right to prepare deriviative publications based on tggep, including books or
book chapters, journal papers, and magazine articlesidadhat publication of a

derivative work occurs subsequent to the official date ofipabon by SPIE.
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Thus, authors may reproduce figures and text in new puliicstiThe SPIE source should

be cited.
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