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Radar Imaging Basics

ɈAll -weather
ɈDay and night operation
ɈSuperposition of response 
from scatterersɬtomographic 
measurements

ɈSynthetic aperture radar (SAR)
ɈComputational imaging problem: 
Obtain a spatial map of reflectivity from radar returns
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Outline

ɈSparsity-driven radar imaging
ɬPoint-enhanced and region-enhanced imaging

ɬADMM & proximal operators in the case of complex -valued fields

ɬWide-angle imaging and anisotropy characterization

ɬModel errors and autofocusing

ɬMoving -object imaging 

ɈMachine learning for radar imaging
ɬDictionary learning

ɬDeep learning-based priors
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Initial motivation for our work ( circa 1999*)

Ɉ Accurate localization of dominant scatterers

ɬ Limited resolution

ɬ Clutter and artifact energy

Some challenges for automatic decision-making from SAR images:

Ɉ Region separability

ɬ Speckle

ɬ Object boundaries

Ɉ Limited or sparse apertures

* This slide was found in an archaeological excavation site and is believed to be ~2000 deep-learning-years old.
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How I got attracted to sparsityȱ
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SAR Ground-plane Geometry

Ɉ Scalar 2-D complex-valued reflectivity field 

Ɉ Transmitted chirp signal:

Ɉ Received, demodulated return from circular patch:
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SAR Observation Model

Ɉ Observations are related to projections of the field:

Ɉ SAR observations are band-limited slices from the 2 -D Fourier 
transform of the reflectivity field:

Ɉ Discrete tomographic 

SAR observation model:
(combining all measurements)

Observed data

SAR Forward 
Model Unknown field

Noise
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Conventional Image Formation

Ɉ Given SAR returns, create an estimate of the reflectivity field f

Polar format algorithm:

Ɉ Each pulse gives slice of 2-D Fourier transform of field

Ɉ Polar to rectangular resampling

Ɉ 2-D inverse DFT

Support of observed data 
in the spatial frequency domain

Sample conventional image 
(reflectivity magnitudes)
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Sparsity-Driven Radar Imaging ɬbasic version

ɈBayesian interpretation: MAP estimation problem with 
heavy-tailed priors

ɈComplex-valued data and image

ɈMagnitude of complex -valued field admits sparse 
representation

ɈNo informative prior on reflectivity phase

ɈTypical choices for L: 
ɬ identity ( point -enhanced imaging) 

ɬgradient ( region-enhanced imaging)

ɈHere focus on ADMM -based solutions

(f | y) (y | f) (f)p p p´
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Setting up with a generic regularizer

ɈDiscretized SAR observation model:

ὁ ἋἮ ἶ

ɈRetrieve Ἦusing a regularized cost function:

Ἦ ÁÒÇÍÉÎ
Ἦ

Ἦ ‗ᴘȿἮȿ

where Ἦ ὁ ἋἮ and ᴘȿἮȿis the regularizer

ÅWill describe two versions of ADMM
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Taking into account the complex-valued nature 

ɈRewrite Ἦ Ἦwhere  is a diagonal matrix 
containing the phase of Ἦin the form Ὡ Ἦ

ɈCost function becomes:

Ἦȟ ÁÒÇÍÉÎ
Ἦȟ

ὁ Ἃ Ἦ ‗ᴘἮ

Reflectivity 
Magnitudes 

Reflectivity 
Phases 
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Variable Splitting and ADMM

Ɉ Introduce an auxiliary variable with a constraint :

Ἦȟȟἰ ÁÒÇÍÉÎ
Ἦȟȟἰ

ὁ Ἃ Ἦ ‗ᴘἰ

ίȢὸȢἮ ἰ π

ɈAugmented Lagrangian (in scaled form):

ἮȟȟἰȟἽ ÁÒÇÍÉÎ
ἮȟȟἰȟἽ

ὁ Ἃ Ἦ ‗ᴘἰ

Ἦ ἰ Ἵ Ἵ
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Variables involved - details

ɈLet  Ᵽᶰᴇ be a vector containing the diagonal 
elements of the phasematrix

Ɉ Invoke the constraint that the magnitudes of the 
elements ofⱣshould be 1, since they contain phases 
in the form Ὡ Ἦ

ɈLet Ἄbe a matrix whose diagonal elements contain 
the reflectivity magnitudes

ɈLetἮ ἰ Ἵand ἰ Ἦ Ἵ
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ADMM for Complex -valued Imaging

Ɉ Each iteration of the ADMM algorithm performs the following
steps enabling the use of a Plug-and-Play (PnP) prior approach:

Ᵽ ÁÒÇÍÉÎ
Ᵽ

ὁ ἋἌⱣ ‗В Ᵽ ρ

Ἦ ÁÒÇÍÉÎ
Ἦ

ὁ Ἃ Ἦ
ⱬ
Ἦ Ἦ

ἰ ÁÒÇÍÉÎ
ἰ
‗ᴘἰ

ⱬ
ἰ ἰ

Ἵ Ἵ Ἦ ἰ

where‗ is a hyperparameter

Data

Prior

Data

All real-valued
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Alternative way to set up ADMM

Ɉ Introduce an auxiliary variable with a constraint :

Ἦȟἰ ÁÒÇÍÉÎ
Ἦȟἰ

ὁ ἋἮ ‗ᴘȿἰȿ

ίȢὸȢἮ ἰ π

ɈAugmented Lagrangian (in scaled form):

ἮȟἰȟἽ ÁÒÇÍÉÎ
ἮȟἰȟἽ

ὁ ἋἮ ‗ᴘȿἰȿ

Ἦ ἰ Ἵ Ἵ

ɈLetἮ ἰ Ἵand ἰ Ἦ Ἵ
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ADMM -II for Complex -valued Imaging

Ɉ Each iteration of the ADMM algorithm performs the following
steps enabling the use of a Plug-and-Play (PnP) prior approach:

Ἦ ÁÒÇÍÉÎ
Ἦ

ὁ ἋἮ
ⱬ
Ἦ Ἦ

ἰ ÁÒÇÍÉÎ
ἰ
‗ᴘȿἰȿ

ⱬ
ἰ ἰ

Ἵ Ἵ Ἦ ἰ

where‗ is a hyperparameter

Prior

Data

Complex-valued 
with 

regularization on 
magnitudes 
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Proximal Mappings for Complex -Valued Problems

Ɉ Consider total variation (TV) regularization.

Ɉ Proximal mapping for standard TV can be computed by efficient algorithms

Ɉ We want to penalize TV of the magnitude of a complex-valued field

Ɉ Proximal mapping operator for TV-magnitude:

Ɉ Similarly, proximal mapping operator of a linear transformation (Wavelet trf ., 
#"3ȮȱȺɯof the magnitude of the complex field:
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Proximal Mapping for lpɬnorm-based Regularizers

Ɉ Proximal mapping for lp-norm 

Ɉ Can be computed through a series of iteratively reweighted soft 
thresholding operations:
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Sparsity-Driven SAR Imaging Results

Point-enhanced Region-enhanced Wavelet dictionary
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Conventional Sparsity -driven, ADMM -based

Sparsity-Driven SAR Imaging Results
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Non-Traditional Apertures: 
Wide-Angle Data

Ɉ Irregular PSF

ɈAnisotropic scattering 
Å Conventional imaging produces 

inaccurate reflectivities

Å Conventional imaging does not 
characterize aspect dependence
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Anisotropic Scattering in SAR

ɈMuch reflection from one angle
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Anisotropic Scattering in SAR

ɈLittle reflection from another angle
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Composite Image Formation
Ɉ,ÈÕàɯÚÊÈÛÛÌÙÌÙÚɯÞÖÕɀÛɯ×ÌÙÚÐÚÛɯÖÝÌÙɯÞÐËÌɯÈÕÎÓÌÚ

ɈForm a composite wide-angle image from narrow -
angle subaperture images:

Subaperture 
index

Pixel 
indices

k-th subaperture 
image

Composite image

Ɉ Preservation of anisotropic scatterers with short persistence

Ɉ Partial characterization of aspect dependence
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Ɉ Angular range = 110°

Ɉ Composite images

Reference image Conventional Sparsity-driven

25

Wide-angle SAR Imaging


