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Chapter 1

INTRODUCTION

Remote sensing has essential role in communication. It is the
acquisition of information

about an object or phenomenon without making physical contact
with the object and

thus in contrast to on site observation. A more specific
definition of remote sensing

relates to studying the environment from a distance using
techniques such as satellite

imaging, aerial photography, and radar.

The radar (RAdio Detection And Ranging) is useful for military
and civilian

application. The three major and basic functions are: (1)
search/detect; (2) track; and (3)

image. The radar imaging systems provide high resolution images.
Modern air-borne

and space-borne radar systems are designed to perform a large
number of functions

which provide high resolution images.

A microwave imaging system which is Synthetic Aperture Radar
(SAR) is

mainly used for produce high resolution image of the Earth
.Through illuminating the

ground with coherent radiation and measuring the echo signals,
SAR can produce high

resolution two dimensional and in some cases three-dimensional
imagery of the ground

surface and it provide finer spatial resolution than the
conventional beam-scanning

radars. The intensity in a SAR image depends on the amount of
microwave

backscattered by the target and received by the SAR antenna.
Since the physical

mechanisms responsible for this backscatter is different for
microwave, compared to

visible/infrared radiation, the interpretation of SAR images
requires the knowledge of

how microwaves interact with the targets.

SAR is typically mounted on a moving platform such as an
aircraft or

spacecraft. Synthetic Aperture Radar (SAR) can obtain high
resolution images under

all-weather conditions. It is multiple antenna system and
transmits pulse or chirp signal,

which showing in figure 1.1. The variety of earth resources and
defense applications use

SAR for imaging, guidance, remote sensing and global
positioning.

For high-resolution space borne Synthetic Aperture Radar (SAR)
image, the

data amount would reach several gigabytes, and requires a
satellite-earth datalink of

over Gbps data rate, and such high data rate is difficult to
achieve. And multiple

antenna system requires more number of data acquisition
channels.
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Figure 1.1: SAR transmitter and receiver

The figure 1.1 shows SAR transmitter and receiver.

Sparse signal processing offers a new framework for signal
acquisition that

enables a potentially large reduction in the sampling for
signals that have a sparse or

compressible representation. A new branch in sparse signal
processing is compressive

sensing (CS), whose sampling can be made far more effective
compared with the

classical Shannon-Nyquist sampling by exploiting the sparsity of
signal. CS technique

reduces the sampling rates required in synthetic aperture radar
(SAR),reduce the system

data amount & complexity and improve the imaging
performance.

The compressed sensing (CS) theory makes sample rate relate to
signal structure

and content. CS samples and compresses the signal with far below
Nyquist sampling

frequency simultaneously. The framework of CS combines the
notions of sparse

representation, measurement, and reconstruction which are shown
in figure 1.2. The

source signals are represented sparsely using a certain sparse
basis. Then the signals can

be projected from high dimension to low dimension linearly using
a measurement

matrix which is incoherent with the sparse basis. A small number
of measurements are

acquired. Using a certain reconstruction algorithm, the source
signals can be

reconstructed accurately from the measurements.

Figure 1.2: Theoretical framework of CS
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However, CS only considers the intra-signal correlations i.e.
the single signal

processing, without taking the correlations of the multi-signals
into account. There is

still large potential of development for CS. So the modification
of CS in SAR leads to

Distributed compressed sensing (DCS) in SAR. DCS is an extension
of CS that takes

advantage of both the inter- and intra-signal correlations,
which is widely used as a

powerful method for the multi-signals sensing and compression in
many fields.

Figure 1.3: Theoretical framework of DCS

The basic theoretical framework which mainly includes sparse
representation,

measurement and joint reconstruction is shown in figure 1.3.

In the proposed method, the implementation of CS is evaluated
for the

application in Synthetic Aperture Radar (SAR). Therefore, if the
target is small

compared to the whole imaging area, the SAR imaging can be
regarded as a sparse

problem where the implementation of CS is highly possible. The
objective of this work

is to build an incoherent matrix and test its RIP in a
deterministic fashion and find

minimum signal sparsity.
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Chapter 2

LITERATURE SURVEY

The paper [1] explains about remote sensors gather information
by measuring the

electromagnetic radiation that is reflected, emitted and
absorbed by objects in various

spectral regions, from gamma-rays to radio waves. To measure
this radiation, both

active and passive remote sensors are used. Passive systems
generally consist of an

array of sensors which record the amount of electromagnetic
radiation emitted by the

surface being studied. Active systems transmit a pulse of energy
to the object being

studied and measure the radiation that is reflected or
backscattered from that object. The

radar is one of the techniques used for remote sensing.

The paper [2] explains about radar that transmits radiofrequency
(RF)

electromagnetic (EM) waves toward a region of interest and
receives and detects these

EM waves when reflected from objects in that region. Figure 2.1
shows the major

elements involved in the process of transmitting a radar signal,
propagation of that

signal through the atmosphere, reflection of the signal from the
target, and receiving the

reflected signals. Although the details of a given radar system
vary, the major

subsystems must include a transmitter, antenna, receiver, and
signal processor. The

system may be significantly simpler or more complex than that
shown in the figure, but

figure 2.1 is representative.

Figure 2.1: Major elements of the radar transmission/reception
process
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Imaging is one of the most important functions of radar systems.
A microwave imaging

system which is synthetic aperture radar (SAR) can produce high
resolution images.

SAR is air-borne or space-borne side looking radar systems.

The paper [3] & [4] explains the SAR systems, history,
principles and

applications of SAR. The synthetic aperture radar principle has
been discovered in the

early 50th. Since then, a rapid development took place all over
the world and a couple

of air- and space-borne systems are operational today. Progress
made in technology and

digital signal processing lead to very flexible systems useful
for military and civilian

applications. In synthetic aperture radar (SAR) imaging,
microwave pulses are

transmitted by an antenna towards the earth surface. The
microwave energy scattered

back to the spacecraft is measured. The SAR makes use of the
radar principle to form

an image by utilising the time delay of the backscattered
signals. The figure 2.2 and

figure2.3 shows SAR system.

Figure 2.2: SAR systems

Figure 2.3: SAR system with two micro-strip antennas mounted on
the side
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The microwave beam sent out by the antenna illuminates an area
on the ground

(known as the antenna's "footprint"). In radar imaging, the
recorded signal strength

depends on the microwave energy backscattered from the ground
targets inside this

footprint. Increasing the length of the antenna will decrease
the width of the footprint.

The figure 2.4 shows antennas footprint.

Figure 2.4: Antenna's footprint

SAR data collection can be viewed as a virtual phased array in
both space and

time. For a single antenna moving at constant velocity, position
changes linearly with

time. If assume the target to be stationary during the period of
data collection, the time

of collection is trivial and wind up with a virtual phased array
in space only.

Figure 2.5: SAR data collection image
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The figure 2.6 and 2.7 shows the principle of SAR. Assume a
planar formation

as depicted in figure 2.6. A radar sensor on the x-axis
transmits a short pulse and

receives the echoes. SAR system stores the received signal in
2-dimensional array

containing range, time, and radar position information. Echoes
superpose each other and

result in the recorded data column, which contains a range
profile.

Figure 2.6: Data column of a distributed scene for a fixed
antenna

Consider a simplified scene as depicted in figure 2.7. Consider
3 point targets

are given at different positions. The antenna moves in steps
along the x-direction taking

data samples. A hyperbolic range history in the data results for
each reflector, indicated

by the curves.

Figure 2.7: Data of point targets for a moving antenna
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Points will be generated in a second data array at the positions
of the hyperbola vertex.

The signal intensity of the individual echoes, resulting from
the reflectivity of the scene,

controls the brightness of the points in the second data array,
an image of the scene

results.

SAR has got a broad range of applications. It used in military
purpose,

environment protection, urban construction, natural disaster
monitoring and agricultural

survey.

The necessity of reconstruction algorithms leads to paper [5].
Generally there

are two approaches for SAR processing, namely Two-dimension
Algorithm and Range

Doppler Processing Algorithm. Two-dimension Algorithm processes
the range and

azimuth data simultaneous whereas the Range Doppler Processing
algorithm

implements range compression processing followed by azimuth
compression

processing. However, Two-dimension Algorithm required larger
memory and

computational power. The most common algorithm employed in most
the SAR

processing system is the Range Doppler Processing algorithm. It
is a two-dimensional

correlating procedure. The two dimensions of the correlation
processing are realized as

two one-dimensional matched filter operations namely range
compression and azimuth

compression. The first matched filtering operates on the single
pulse radar returns and

the second matched filtering operation operates on the Doppler
signal. The figure 2.8

shows the basic concept of the SAR processing.

Figure 2.8: Range doppler processing

The matched filter and pulse compression concepts are the basic
of SAR

processing algorithms. The matched filter is a filter whose
impulse response, or transfer

function is determined by a certain signal, in a way that will
result in the maximum

attainable signal to noise ratio. Pulse compression involves
using a matched filter to

compress the energy in a signal into a relative narrow
pulse.

Raw SAR

Data

Range

Compressed

Data

SAR

Image

Range Compression Azimuth Compression

Correlation
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But the need of high sampling rate and poor resolution leads to
new approach.

The new approach is compressive sensing which a branch of sparse
signal processing.

The paper [6] & [7] explains compressive sensing, principle
of compressive

sensing and restricted isometry property (RIP). To acquire
signal in all applications like

consumer audio and visual electronics, medical imaging devices,
radio receivers, and so

on, involving signal processing, Nyquist rate which is twice or
greater than maximum

frequency of the signal. It takes long data acquisition time
& limiting many systems to

work real time. CS theory asserts that one can recover certain
signals and images from

far fewer samples or measurements than traditional methods use.
Compressive sensing

has emerged which shows that super-resolved signals and images
can be reconstructed

from far fewer data/measurements than what is usually considered
necessary.

Vs

Figure 2.9: Traditional data sampling and compression versus
CS

The limitations on the number of data capturing devices,
measurements are very

expensive or slow to capture such as in radiology and imaging
techniques via neutron

scattering. In such situations, CS provides a promising
solution. In essence, CS

combines the sampling and compression into one step by measuring
minimum samples

that contain maximum information about the signal, which shows
in figure 2.9.

To make this possible, CS relies on two principles: sparsity,
which pertains to the

signals of interest, and incoherence, which pertains to the
sensing modality.

Sampling Compression Signal (x)

Measurement

vector (y)

Signal (x) Sampling and Compression

Measurement

vector (y)

CS

Traditional data sampling
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All signals can take their transform domain, which are in sparse
form i.e. some

non-zero values and other all zero values. Natural signals such
as sound, image or

seismic data can be stored in compressed form, in terms of their
projection on suitable

basis. When basis is chosen properly, a large number of
projection coefficients are zero

or small enough to be ignored. If a signal has only s non-zero
coefficients, it is said to

be s-sparse.

If a large number of projection coefficients are small enough to
be ignored, then

signal is said to be compressible. Signals like speech, music
etc can have sparse

representation in frequency domain. Images have sparse
representation in wavelet

domain.

Coherence measures the maximum correlation between any two
elements of two

different matrices. These two matrices might represent two
different

basis/representation domains. If is an nn matrix as columns and
is an m n

matrix as rows, then coherence is defined as,

k j, max , for 1 j and 1 kn n m (2.1)

If k j, then incoherence i.e. it will be sparse representation
and exact recovery

is possible.

RIP has been the most widely used tool for analyzing the
performance of CS

recovery algorithms. RIP is defined on isometry constant S of a
matrix, which is the

smallest number such that,

2 2 2

2 2 2

(1 ) (1 )|| || || || || ||S Sl l l

x Ax x (2.2)

holds for all S-sparse vectors x. The matrix A obeys the RIP of
order S if S are not too

close to one. The main reconstruct

The necessity of reconstruction algorithms leads to paper [8].
The signal exactly

recovered from the condensed data set by minimizing a convex
functional which do not

assume any knowledge about the number of nonzero coordinates of
signal, their

locations, or their amplitudes which assume are all completely
unknown a priori.

L1recovery algorithms give exact recovery for sufficiently
sparse signal. Consider the

compression sensing as forward operation.
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The measurement vector Y, can now be written in terms of x
as,

y Ax (2.3)

Where A= is m n dimensional, reconstruction matrix.
Reconstruction

algorithms in CS, try to solve Eq. (2.3), and exploit the fact
that solution is sparse,

usually by minimizing L0, L1, or L2normover solution space.
Minimum L0 norm

reconstruction: Count how many non-zero entries=S. But this is
not convex problem

and cannot solve this problem. So use L1 minimization.

The L1 norm is the sum of the absolute value of the entries in a
vector.

n

1 i

i=1

|| x|| = | |x (2.4)

If the RIP holds, then the following linear program gives an
accurate

reconstruction:

1R

min || || s.t A y( A )n lx

x x x

(2.5)

A Reconstruction algorithm for sparse signal recovery in CS is
Convex

Relaxation. A convex Relaxation algorithm solves a convex
optimization problem

through linear programming to obtain reconstruction. The number
of measurements

required for exact reconstruction is small but the methods are
computationally complex.

Basic Pursuit (BP), Least Absolute Shrinkage and Selection
Operator (LASSO) are

some examples of such algorithms.

Robust signal recovery from noisy data: Noisy data is given

y Ax E (2.6)

and use L1 minimization with relaxed constraints for
reconstruction:

1 2

min || || s.t ||A y||l lx x (2.7)

where bounds the amount of noise in the data.

The sensing matrix A is need to incoherent matrix. This leads to
take paper [9].

Transmit the chirp signal and received 1-D SAR baseband signal
can be written as,

2

1

4 2y( ) exp ( )

Nc i i

i r

i

f R Rt j j K t n t

c c

(2.8)
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1

2y( ) ( )

Ni

i i

i

Rt h t n t

c

(2.9)

where t is the range time, i is the complex reflectivity of the
target i, N is the number of

targets, c is the speed of light, fc is the carrier frequency,
Riis the range distance between

target i and antenna, hi(t) = exp{j4fcRi/c + jKrt2} is the
impulse response of point

target i with unity amplitude, and n(t) denotes noise.

After discretization, Eq. (2.8) and Eq. (2.9) can be expressed
in a matrix form

Y n (2.10)

where Y = [Y1, Y2, . . . , YN]T, = [1, 2, . . . , N]

T, n =[n1, n2, . . . , nN]

T, and the

matrix CNN is a full sampling measurement matrix, also known as
the convolutional

matrix, whose columns are time-shifted versions of the samples
of hi(t). Since Eq.

(2.10) has the same form as CS, with prior knowledge of
sparsity, the complex

reflectivity vector can be estimated by CS techniques.
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Here the convolutional matrix is in time domain. The efficient
compressive

sensing matrix is build from convolutional matrix using the
paper [10].

By construction, the convolution matrix is a band matrix. The
real part of a

convolution matrix used in the 1-D simulation is shown in figure
2.10 (a). The green

color corresponds to zeros, and as a consequence, it can be
observed that nonzero

elements are distributed following a band crossing the matrix
from the upper left corner

to the bottom right one. Since matrix is directly obtained from
the convolution

matrix, after the removal of a number of rows is shown in figure
2.10 (b), the

observations according to the orthogonality of columns raised
for the convolution

matrix still hold for matrix . Thus, the orthogonality is just
to be verified between

columns close to each other.

Figure 2.10: Representation of both the convolution matrix (a)
and matrix obtained after random selection of rows (b).

The RIP property of CS matrix is examined by Transform Point
Spread Function

(TPSF). It gives coherence of columns. Multiplying same columns
(i=j) gives1 i.e.

diagonal is one. Multiply with different columns should give low
value i.e.

incoherence. From diagonal values should decay fast. The TPSF is
given as,

TK *K

TPSF=K(i)*K(j)

(2.11)
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But the RIP property is poor for this incoherent matrix, which
leads to paper

[11]. Consider 2D image ground reflectivity,

k

m m

4fM -j (x cos y sin )c

k m m k

m=1

r f , = s(x ,y )e n f ,l l

l l

(2.12)

where c denotes the speed of light, Noise n f ,k l at all
available frequencies fk ,

k = 1,,K, and viewing angles l , l=1,..,L.The reflectivity
function or scattering

response s(x ,y )m m at all spatial locations (x ,y )m m ,
m=1,.., M.

Here the sensing matrix is in Fourier domain. The RIP property
of sensing

matrix is examined by Transform Point Spread Function (TPSF).
TPSF is better than

previous one. Reconstruction of reflectivity of target in both
cases is done by using L1

minimization algorithm LASSO.

However, CS only considers the single signal processing, without
taking the

correlations of the multi-signals into account. So the
modification of CS in SAR leads

to Distributed compressed sensing (DCS) in SAR, which explains
in the paper [12] &

[13]. DCS has two remarkable properties. First, during encoding
each signal is

compressed respectively. By taking advantage of the inter- and
intra-signal correlations,

DCS can reduce a large number of measurements. The result of
experiment in reveals

that in practice the savings in the number of required
measurements can be massive

over separate CS decoding, especially when the common part
dominates.

Second, DCS does not reduce the complexity of the whole process
but transfers

the complexity from encoder to joint decoder. It is quite
suitable for many distributed

applications which require low computational complexity at the
encoder, such as

wireless sensor networks and video coding.

Different from CS, the algorithms for DCS are based on different
joint sparsity

models (JSMs). Joint sparsity models (JSMs) are the kernel of
DCS. According to

different application scenarios, various JSMs are put out. In
this model each signal is

sparse on a certain basis, and the sparsity of each signal is
same, but the sparse

coefficients are different. The signals in JSM2 model can be
sparsely represented in a

same sparse basis. The nonzero positions of each sparse
coefficient vector are identical.

Utilizing this common structural information, the signals can be
recovered jointly. The

joint reconstruction algorithm is Simultaneous Orthogonal
Matching Pursuit (SOMP).
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Here the sensing matrix in Fourier domain is not used. Because
of two reasons:

(i) more computation time and (ii) not applicable for MIMO
systems. So the sensing

matrix is different, which explained in paper [14]. Consider a
source S emitting

isotropically and uniformly bursts of signals (wave
packets).This source is at first

motionless and is maintained at a constant height h; is in
figure 2.11.

Figure 2.11: Flat landscape-scenery imaging

Below is a planar landscape represented by a reflectivity
function (, ), which gives

the percentage of signal energy sent back by reflection at point
(, ) of the plane. Let

us assume that signals travel at a constant velocity along all
rectilinear trajectories in

air and that S can simultaneously register returning signal
energies. The return signal at

is made of all the reflected energies at points situated on a
circle ( t ) centered at

of radius 2 2ct h . Signal spreading and attenuation along the
propagation direction

are neglected. The reflected signal flux density is given by the
integral of (, ) on the

circle ( ,t ) , whose center is at abscissa on the orthogonal
projection of the line

trajectory of on the plane and radius ,

( , )

0( , )

, I ds ( , )t

Cx y

R f t f x y

(2.13)
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Here is the integration measure of( ,t ) . 0I is emitted energy
flux density at S. The

totality of ,CR f t for the unknown (, ) is called the Radon
transform of (, )

on the family of circles centered on a straight line parallel to
the landscape plane.

The objectives of the proposed work are Recovery of 1D
reflectivity of earth signal with time domain convolutional

matrix and using L1 minimization algorithms (LASSO).

Recovery of 1D & 2D reflectivity of earth signal with
Fourier domain sensing

matrix and using L1 minimization algorithms (LASSO).

Find minimum sparse measurements and compare between sensing
matrices.

The modification of proposed work is

Recovery of 2D reflectivity of earth signal using multiple
antennas with circular

averaging matrix by Distributed Compressive Sensing with joint
sparsity models

as JSM-2 algorithm.

Find minimum sparse measurements and compare between sensing
matrices.

And also compare the CS and DCS.
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Chapter 3

METHODOLOGY

3.1 Compressive Sensing

The proposed work is shown in figure 3.1.

Figure 3.1: Proposed work

The source signal must need to be sparse. So develop sparse
image or signal of

source image or signal. Then the sparse signal fed to
compression algorithm by using

measurement matrix. If x is source signal, y is compressed
signal and A is sensing

matrix. Then compression algorithm is given by,

y Ax (3.1)

where y is the measurement. Even if signal is sparse or not
forward operation remains

same.

Consider the sensing matrices are in

i. Sensing matrix in time domain

ii. Sensing matrix in fourier domain

iii. Circular averaging sensing matrix

3.1.1 Sensing matrix in time domain

A signal model has to be simulated which receive ground
reflectivity using Eq.

(2.8) and Eq. (2.9).

Convolutional matrix is constructed.
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CS matrix is constructed by random raw selection of
convolutional matrix.

CS algorithm is applied to 1D ground reflectivity signal.

Reconstructed the 1D ground reflectivity signal without noise
using LASSO.

The RIP is examined by TPSF using Eq. (2.11).

3.1.2 Sensing matrix in fourier domain

Make sensing matrix using Eq. (2.12).

CS algorithm is applied to 1D ground reflectivity signal, 2D
point target and

SAR images.

Reconstructed the 2D image with & without noise using
LASSO

The RIP is examined by TPSF using Eq. (2.11).

3.1.3 Circular averaging sensing matrix

Make sensing matrix using Eq. (2.13).

CS algorithm is applied to 2D SAR images.

Reconstructed the 2D image with & without noise using
LASSO

The RIP is examined by TPSF using Eq. (2.11).
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3.2 Reconstruction Algorithm of CS

For reconstruction L0- minimization is not a convex problem. So
use L1- minimization.

The real world signals are usually compressible rather than
sparse, L2 -minimization is

not an attractive option for reconstruction.

If signal is sparse, then take = I (identity matrix). If signal
is not sparse and

know that it is sparse in another domain i.e. =x e.g.: wavelet,
fourier etc., then

consider that and also known about sensing matrix .

Let A= * and CS recovery is given by:

Noiseless case:

0

min s.t A y 0l (3.2)

In noisy case

0 2

min s.t A y l l (3.3)

All algorithms are trying to solve the Eq. (3.2) and Eq. (3.3)
recovery equations in

noiseless and noisy respectively. The two category of
reconstruction algorithm are

convex relaxation algorithm and greedy algorithm. Convex
relaxation algorithm is

relaxing the non convex problem of Lo minimization to L1
minimization which is

convex Eq. (3.2) and Eq. (3.3).

3.2.1 Convex relaxation algorithm

This class of algorithms solves a convex optimization problem
through linear

programming to obtain reconstruction. The number of measurements
required for exact

reconstruction is small but the methods are computationally
complex. BP, Least

Absolute Shrinkage and Selection Operator (LASSO) are some
examples of such

algorithms.

3.2.1.1 LASSO

It is a relaxation method. The Lasso is a shrinkage and
selection method for linear

regression. It minimizes the usual sum of squared errors, with a
bound on the sum of the

absolute values of the coefficients. It has connections to
soft-thresholding of wavelet

coefficients, forward stagewise regression, and boosting
methods.
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Give a set of input measurements x1, x2, ...,xp and an outcome
measurement y,

the lasso fits a linear model,

^

y 0 1* 1 2* 2 . *b b x b x bp xp (3.4)

The criterion it uses is:

Minimize 2^y y subject to sum [absolute value (bj)] s.

The first sum is taken over observations (cases) in the dataset.
The bound "s" is

a tuning parameter. When "s" is large enough, the constraint has
no effect and the

solution is just the usual multiple linear least squares
regression of y on x1, x2, . . .,xp.

However when for smaller values of s (s>=0) the solutions are
shrunken

versions of the least squares estimates. Often, some of the
coefficients bj are zero.

Choosing "s" is like choosing the number of predictors to use in
a regression model, and

cross-validation is a good tool for estimating the best value
for "s".

Computation of the Lasso solutions: The computation of the lasso
solutions is a

quadratic programming problem, and can be tackled by standard
numerical analysis

algorithms. But the least angle regression procedure is a better
approach. This algorithm

exploits the special structure of the lasso problem, and
provides an efficient way to

compute the solutions simultaneously for all values of "s".

3.3 Distributed Compressive Sensing

Distributed compressive sensing is extension of CS. It reduce
sampling rate compared

to CS. It has joint sparse reconstruction. The jointly sparse
signals that allows for joint

recovery of multiple signals from incoherent projections through
simultaneous greedy

pursuit algorithms.

The modification of proposed work is considering two antennas as
MIMO

system. The two antennas are parallel and each has different
sparse representation. And

also it has different measurement matrix. But two antennas
receive the reflectivity of

earth at same time. For example, two antennas receive the signal
within 5ms. One

antenna has one value. Another antenna has other value with same
time and different

information. This leads to lower sampling rate. The signals from
two antennas are

recovered by joint reconstruction algorithm.
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The modification of proposed work is shown in figure 3.2.

Figure 3.2: Modification of proposed work

3.3.1 Circular averaging sensing matrix

Make sensing matrix using Eq. (2.13).

CS algorithm is applied to 2D SAR images in each antenna.

Grouping the antennas and become MIMO system.

Reconstructed the 2D image without noise using SOMP.

The RIP is examined by TPSF using Eq. (2.11).

3.4 Joint Reconstruction Algorithm of DCS

Simultaneous Orthogonal Matching Pursuit (SOMP) is a variant of
OMP that seeks to

identify sparse support set () one element at a time. The
procedure of SOMP

algorithms are

Initialize: Set the iteration counter l.

Select the dictionary vector that maximizes the value of the sum
of the

magnitudes of the projections.

Orthogonalize the selected basis vector against the
orthogonalized set of

previously selected dictionary vectors.

Iteration.

Check for convergence

De-orthogonalize
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3.5 Flowchart of Proposed Work & Modification of Proposed
Work

The objectives and explained on above are shortlisted and shown
in figure 3.3.

Figure 3.3: Flowchart of proposed work & modification of
proposed work

CS

Sensing matix in time domain

Sensing matix in fourier domain

Circular averaging

sensing matrix

Compare incoherence of sensing matrix

Compare reconstruction time of sensing

matrix

DCS

Circular averaging

sensing matrix

Comare the CS & DCS


	
Compressive Sensing & Distributed Compressive Sensing In
Synthetic Aperture Radar

(SAR) Images

M.Tech., Communication Engineering 23

Chapter 4

RESULTS & DISCUSSIONS

In this section, results of compressive sensing and distributed
compressive sensing in

SAR images are compared and compare sensing matrices. All the
results are simulated

using a computer with Intel dual core processor, clock
frequency--3.00GHz and

memory RAM is 4.00GB. First, CS recovery of 1D reflectivity of
earth without noise in

time domain is presented in subsection 4.1. Then, in subsection
4.2 is presented for CS

recovery of 1D reflectivity of earth signal without noise and 2D
point target & SAR

images with & without noise in fourier domain. The
subsection 4.3 is presented for CS

recovery of 2D SAR images with & without noise using
circular averaging matrix.

Then, in subsection 4.4 is presented for DCS recovery of 2D SAR
images without noise

using circular averaging matrix. Performance of sensing matrices
are compared in

subsection 4.5 and performance of CS & DCS are compared in
subsection 4.6.

4.1 Sensing Matrix of CS in Time Domain

Assume carrier frequency = 4.5 GHz, chirp rate=20, range= 10Km,
chirp duration =1ms

speed of light=3x108. The 1D reflectivity of earth signal
without noise in time domain

has signal length (n) = 2001, measurement (m) =1001.
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Figure 4.1: Transmitting signal

Figure 4.2: Convolutional matrix


	
Compressive Sensing & Distributed Compressive Sensing In
Synthetic Aperture Radar

(SAR) Images

M.Tech., Communication Engineering 25

Figure 4.3: CS matrix

Figure 4.4: Sparse signal
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Figure 4.5: Reconstructed signal

Figure 4.6: TPSF of sensing matrix in time domain
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4.2 Sensing Matrix of CS in Fourier Domain

In this section contain three subsections. First, the
reconstruction of 1D reflectivity

of earth signal without noise. Second, the 2D point target image
with & without

noise & finally SAR images with & without noise. Assume
number of frequency

samples (K) =32, frequency range= 10MHz- 100 MHZ, number of
angles (L) =32,

angle range = to -.

4.2.1 Reconstruction of 1D reflectivity of earth signal without
noise

The 1D reflectivity of earth signal without noise in fourier
domain has signal length

(n) = 4096, measurement (m) = 1024.

Figure 4.7: Sensing matrix in fourier domain
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Figure 4.8: Sparse signal

Figure 4.9: Reconstructed signal
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Figure 4.10: TPSF of sensing matrix in fourier domain

4.2.2 Reconstruction of 2D point target image with & without
noise

The 2D point target image with & without noise in fourier
domain has signal length

(n) =4096, measurement (m) =1024.

Figure 4.11: original 2D point target image
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Figure 4.12: Reconstructed 2D point target image

Figure 4.13: Reconstructed 2D point target image with noise,
SNR=135db
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Figure 4.14: Reconstructed 2D point target image with noise,
SNR=128db

Figure 4.15: Reconstructed 2D point target image with noise,
SNR=30db
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4.2.3 Reconstruction of 2D SAR image with & without
noise

The 2D SAR with & without noise in fourier domain has signal
length (n) =4096,

measurement (m) =1024.

Figure 4.16: Original image

Figure 4.17: Cropped image from original image
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Figure 4.18: Sparse representation of cropped image

Figure 4.19: Reconstructed Cropped image
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Figure 4.20: Cropped image from original image

Figure 4.21: Sparse representation of cropped image
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Figure 4.22: Reconstructed Cropped image

Figure 4.23: Reconstructed Cropped image with noise
SNR=320db
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Figure 4.24: Reconstructed Cropped image with noise
SNR=242db

Figure 4.25: Reconstructed Cropped image with noise
SNR=182db
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4.3 Circular Averaging Sensing Matrix of CS

The 2D SAR with & without noise in fourier domain has signal
length (n) =4096,

measurement (m) =1024.

Figure 4.26: Circular averaging sensing matrix

Figure 4.27: Two antennas moving over an area (Shown with grid
and antenna location) of CS
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Figure 4.28: Flat landscape-scenery imaging

Figure 4.29: Original image: MSTAR dataset image
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Figure 4.30: Part of MSTAR dataset image of CS

Figure 4.31: Reconstructed image of Part of MSTAR dataset image
of CS using N/4 samples
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Figure 4.32: Part of MSTAR dataset image of CS

Figure 4.33: Reconstructed image of Part of MSTAR dataset image
of CS using N/4 samples
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Figure 4.34: Reconstructed image of Part of MSTAR dataset image
with noise, SNR=320db

Figure 4.35: Reconstructed image of Part of MSTAR dataset image
with noise, SNR=242db
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4.4 Circular Averaging Sensing Matrix of DCS

The 2D SAR with & without noise in fourier domain has signal
length (n) =4096,

measurement (m) =512.

Figure 4.36: Two antennas moving over an area (Shown with grid
and antenna location) of DCS

Figure 4.37: Part of MSTAR dataset image of DCS
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Figure 4.38: Reconstructed image of Part of MSTAR dataset image
of DCS using N/8 samples

Figure 4.39: Part of MSTAR dataset image of DCS
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Figure 4.40: Reconstructed image of Part of MSTAR dataset image
of DCS using N/8 samples

4.5 Comparison of Sensing Matrices

4.5.1 Incoherence

The TPSF of three sensing matrices are taken at point 1000.

Figure 4.41: TPSF of sensing matrix in time domain at point
1000
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Figure 4.42: TPSF of sensing matrix in fourier domain at point
1000

Figure 4.43: TPSF of circular averaging matrix at point 1000


	
Compressive Sensing & Distributed Compressive Sensing In
Synthetic Aperture Radar

(SAR) Images

M.Tech., Communication Engineering 46

4.5.2 Reconstruction time

Declining order of the reconstruction time of sensing matrices
is shown in figure 4.44.

Figure 4.44: Declining order of reconstruction time of sensing
matrices

Sensing matrix in fourier domain=35 minute

Sensing matrix in time domain= 2 minute

Circular averaging matrix= 5.4999 seconds


	
Compressive Sensing & Distributed Compressive Sensing In
Synthetic Aperture Radar

(SAR) Images

M.Tech., Communication Engineering 47

4.6 Comparison between CS & DCS

The comparison between compressive sensing and distributed
compressive sensing is listed in

table 4.1.

Table 4.1: Comparison between CS & DCS

Type

Sensing matrix

Number of samples

Reconstruction time

CS

Circular averaging

N/4

5.4999 seconds

DCS

Circular averaging

N/8

5.0785 seconds

4.7 Discussions

CS recovery in SAR images is illustrated with three sensing
matrices such as sensing

matrix in time domain, sensing matrix in fourier domain and
circular averaging matrix.

The sensing matrix in time domain has less incoherence by using
TPSF. The

RIP property of CS matrix is examined by Transform Point Spread
Function (TPSF). It

gives coherence of columns. Multiplying same columns (i=j)
gives1 i.e. diagonal is one.

Multiply with different columns should give low value i.e.
incoherence. From diagonal

values should decay fast. The Eq. (2.11) gives TPSF.

The sensing matrix in fourier domain has high incoherence
compared with time

domain. But it didnt used in MIMO systems. Because of two
reasons: (i) more

computation time and (ii) not applicable for MIMO systems.

Circular averaging matrix has high incoherence. DCS recovery in
SAR images is

illustrated with circular averaging matrix. DCS has less samples
compared to CS.

Number of samples for DCS been N/8 and number of samples for CS
been N/4. The

reconstruction time for DCS been 5.0785 seconds and
reconstruction time for CS been

5.4999 seconds.

The reconstruction time is compared between sensing matrices.
The circular

averaging matrix has less time for computation i.e. 5.4999
seconds compared with other

sensing matrices. The sensing matrix in fourier domain has large
time for computation

i.e. 35 minute. The sensing matrix in time domain has less time
for computation i.e. 2

minute compared with fourier domain.
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Chapter 5

CONCLUSIONS

SAR is air-borne side looking radar systems which used for radar
imaging. It has board

range of applications in military and civilian. Compressive
sensing in SAR helped in

reconstructing image to improve resolution and reduce sampling
rate. The better

reconstruction is possible while using DCS. The distributed
compressive sensing has

less number of samples compared to CS and provide better
resolution. The circular

averaging matrix is better for CS and DCS in both incoherence
and reconstruction time.

The advantages of this proposed work are acquiring signal with
low sampling

rate, high resolution image and cost effective. The advantages
of modification of

proposed work are fast in image processing and cost less data
acquisition devices.
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