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Monochromatic Scattering
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G : Green function for —A — w?.

Lippmann-Schwinger equation:

uS(r) = w? Jga V(') (ui(r') + us(r’)) G(r,r")dr’
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Far-Field Back-Scattering Measurement

VS

T TN 4 Incident direction
r Receptive direction

LHW2 L) = |I‘|(d_1)/2 (A(r, d+ 0O (M)) o

(d+1)

p V() u(r)e ' Ty

A(F, a) - 4 JRrd

RCS o = |A(—d,d)|? Far-field SAR
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Point targets

e Scattering amplitude is a finite sum

~ wz m o
A(r,d) = o Zl Vju(rj)e_'wrﬂ'r
]:
w(r;)) = u'(r) +w? Y Gy, r)Viu(r;)
17
e Born approximation, source ¢ %,
( ") Z wr;-d _—iwr; w? in: Iwr (d—7)
A(r,d) = Ve = —
¢ Back-scattering sampling: t = —d
m —~
A(f, a) — w_ Z Iwr d
ar =

scattered waves



Diffraction Tomography

Sensors

|nC|dent wave

Near field Fourier sampling



Fourier sampling

€ Fourier sampling by moving sensor around




Candes ... Donoho ... Romberg ...Tao ...Tropp ....

Compressed Sensing
Y=®X+E, YeCcM xecV

FE = model error 4+ external error

M <N

Sparsity: bases/dictionaries

Random measurements: incoherence, RIP

Algorithms: LI-min, greedy (OMP)
min [|Z][1, st [[Y = ®Z]2 < ||E|2

Discrete: grid of size f —> gridding error
Linear: Born approximation
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Agenda

How do random schemes help ?

H
H
H

ow to discretize & sparsify?
ow to handle coherent sensing matrix?

ow to handle multiple scattering?



Performance Predictors

Mutual coherence: peak sidelobe

Sk PhPrj
2k | Pril </ 2k [Prj

CS canrecover ~ 1/l  objects

Restricted isometry property (RIP)

slog N X N random partial Fourier matrix

CS can recover s targets
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Fourier Cell

A

Resolution:
esolution 2\/5




CS-SAR

e (p;,¢1),l = 1,..,M polar coordinates of i.i.d. uniform r.v.s
(&,m) € [0,27]°.

e 2—band limited probes, i.e. w; € [0,Q2]. Set

0, = 0,4+ m=¢; (backscattering sampling)
_ Qp
l=1,..., M.
THEOREM
Suppose
QU = 7/V2.

Then with high probability the Ll-minimizer satisfies the
error bound

IX — Xlo < C157 2| X — X))y + Coe

Linear (LFM) or quadratic chirp: random time samples
|l



Extended Object




Discretization Error

point object does not interfere with itself,
but a pixel/voxel does.

K1 ko

2 sin Sin -

g(ky, ko) = = —2 . =2

g(k1,k2) = — b ko

IBlloo < 51V =Vl
— 2nmin; |g(4w;(d; —1}))|

L Teee— S

To avoid small divisor,need /< A /2

A
‘ g _
multi-shot SISO ;)

4 M
IV = Vill1 < 5 => |2 <e

1.3

L Teee——— LI —




Sparse Extended Object

THEOREM (F 09) For CS-SAR sampling scheme with M =
O(slogN), if
4e
||V — V€||1 < i)
70
then with high probability

IX — X2 < Crs7 2 X — X))y + Coe

uc § uc

40 X 80 original, sparsity= 161, #data= 500



Distributed extended targets

e \Wavelet expansion

V(z,z) = Z Vp,qu,q(l’,z)
p,qEZ?

where
Yp.g(r) = 2~ (P1HP2)/20(2"Pr _ q), p,q € Z2
with
27 Pr = (27 P1g, 27P2z)

form an ONB in L2(R?).

e Littlewood-Paley basis
W(r) = (72x2) " L(sin (2rz) — sin (7z)) - (sin (272) — sin (72))
which is band-limited

1
(€, 0) = {(2”) - m S felf¢] < 2

0, otherwise.



Sensing matrix

e Incident field
u'k(r) = eiwkr'ak, k=1,... M
we have

Yy=2r 3 2(1’1+P2)/2Vp’qeiwk2p(ak—fk)'Q$(kaP(fk —dy))
p,q€EZ?
with cutoffs

‘q|OC S mMp, ’p|OO S P, |q,|’)C S np’a ‘plloo S Px.

e Sensing matrix

1 -~ ~ . p 3 ~
D= w.2P(t,. — d wy,2P(dy,~1x)-q
= 5] 1¢( K25 (T —dg))e

and let ® = [® ], where dj, T, w; are given below.

e Target vector

X; = 27(2np + 1)2P1FP2)/2y

|6



Sampling scheme

e Sampling scheme:

Let &.,(. be independent, uniform random variables on
[—1,1] and define

_ T .{1+£k, ¢k € 10, 1]

5 m ,{1+<k, ¢k € [0, 1]

Let (p., ¢.) be the polar coordinates of («ay, 3;) for CS-SAR.

e &, are zero if p # p’. Consequently the sensing matrix
iIs the block-diagonal matrix with each block (indexed by
p = p’) in the form of random Fourier matrix

— 1 e (q185+a2Ck)

- 2np+1

P

The above observation means that the target structures
of different dyadic scales are decoupled and can be deter-
mined separately by our approach using compressed sensing
techniques.




Piecewise Smooth Objects

TVmin  min|flrv, st |[[®¥Vyf-Z|2<e

WGral 2ata y . 20N Oese
. ’ : 9 )
. . )
. > .
y &% - : .
:
- b _ . - P
L X N r
4 4 ,
: ' | l l * ( a -
s ’ 4 -~ )
A . - ‘u = N » -~ . ~ N » s _ "

70 X 70 original, sparsity of gradient= 836, #data=1000



Multiple-scattering

A(T 3 — wz — —Z'wl‘."f[
(FLd) = ;) Vju(ry)e ™mif,
j=1

X = (V;u(r;)) € C™

Y = 4nw?(A(F;,d))

¢l] = e—iw(Zj Sin §(+$J COSQ}), I'j — (:EJ,Z])
Yy =OX+ E
E — Egrid T Eext
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Single-Input-Multiple-Output (SIMO)

scatiered waves

2 m y
=~ 3 o —_ T T -_'j:::':gfif.--' oy
AGELA) = &3 Viu(r;)e writ ZZIA N
41 = a
— .
FOIdy- La.X eq Source ¢ :.\‘\:" ¢ .. L]
g i
u(ry) = w(r)+w? ) Glr,ry)Viulr) N
17=] AN 4

Assumption: point objects located
on a finite regular grid of spacing £.

Random sampling: the scattering
directions r;,l = 1,...,n are L1.d.

d =2 : 6, sampling angles
20



Backscattering Sampling
/GV

Fourier tiling of size 21w/ /

¢ spatial resolution

21



High=frequency limit

wl>1 —I(>AA=21/w



Coherence Bound

THEOREM (F 09) The sensing matrix satisfies the coherence
bound

u(<1>)<ﬁ+\%

with high probability where

n <1 we)_l/QCTHf”T,oo (d =2)
i <Q+w) e flliee (d=3)
where f is the sampling pdf over the unit circle/sphere and

| - ||-,c is the HOlder norm of order 7 > 1/2 and the constant c;
depends only on .

e Proof uses concentration inequality and stationary phase.
e Do not need full view: supp(f) c S¢ 1 4=2, 3.
e Need some smoothness in f.

e TO have u <K 1, need w/ > 123and n>1.



Operator norm bound

THEOREM (F 09) For the SIMO measurement we have
2N
2
@) < =
with probability larger than

M(M—1)
M—1
(1 —cl\/ N )

® Tropp 08, Candes-Plan 09:
coherence & operator norm bounds

—— # recoverable targets ~ # data
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Recovery of potential

Foldy-Lax equation

u(r;) = ul(r;) + w? 27; G(r;, x;) Viju(x;)
VE=D)

Define

=
|

= (u'(r;,), .., u'(r;))! € C?
U = (u(ry),..,u(r;,)’ €C®
[(1 = 6;)G(x;,r5)]
diag(Vi,, ..., Vi,).

< Q
[

Foldy-Lax equation can be written as

U+ w?GVU = U' + w?GX’
(nonzero components of X)

U
X/

which implies

: X'
V = diag [wQGX’—l—Ui]

25



THEOREM (F 09)

Suppose

w2 is not an eigenvalue of the matrix GV

and

. —1
U' is not orthogonal to any row vector of (I — wQGV)

(to avoid zero divisor). Then

. . X/
V=V, V=dia :
() J L}QGX’ n U']
Let £ be the noise level in each measurement. If, in addition,
sp<1/3, w?|GV] < 1/2—0()
then (%) is well defined and

IV =V =0()

26



SIMO Reconstruction

P o o ® |
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40 objects, 121 data
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SIMO-SISO Comparison

—+&— SIMO gamma=1

SIMO gamma=20 ]
—<— SIMO gamma=200
— — — SISO gamma=1

0.4r

0.3r

0.2

0.1F

10 15 20 25 30 35 40

Success probability versus # targets
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Scattering by rough topography
With Hsiao-Chieh Tseng

The real part of the scattered field, k = 3.2, A = 1.963495, 6=0.5n

0.071 | ~0.965
0.06 ) ~0.97
0.05} |l b 4-0975
0.04 1-0.98
N 0.03 1-0.985
0.02 1-0.99
0.01 ~0.995
0 ~1
~1.005

—0.01

-3 _2 1 0 1 2 3 —1.01

Sound-soft BC
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Angular spectrum

uw(z,2) = /OO eiw(o‘x+ﬁz)us(a)da, z > hmax (the peak)
—00
S — —I > —iw(aw—l—ﬂh(w))@ 1 4+ j2 d
w(e) 413 —oo6 Ov Z:h(a;)\/ +h(@)de
{\/1 — a? al <1 Outgoing mode
\/Oé | > 1. Evanescent mode

e Data —== angular spectrum
e Shallow groove ——s=— sparse AS

30



Sparsity of angular spectrum

Angular Spectrum

0.1 0.03F
0.0571
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Iterative solver

—u'(z, h(z))

So@) + [ (556 (@ ), @ hE))
—inG((z, h(x)), (2, h(z))) ) $(@)1 + h2(a")dz

we) = [ o (D)

X (w — wh(a';/)% + Z\/l + h2(atl)> dx’

* Frechet differentiable === Newton iteration

32



Rayleigh hypothesis

u’(x,z) = /eiw(aw‘l_ﬁz)us(a)da, in the groove

—u'(z, h(z)) B:C u’(x, h(x)) =/eiw(aw+6h(w))us(a)da

* Valid for small, but finite roughness
* Point-wise recovery: Newton method
* Nonlinear least squares with sparse Fourier modes

33



Near-field Reconstruction

0.02

0.015

0.01

0.005

Reconstruction, k=3.2, ei=o.5n, zo=0.02
Ra=0.12, eu=0.01 17167, m=64, n0=165

Exact
4+ Newton
O - Fixed pt iter
~ooxo NLS fit

>
X
§
-0.005 g?
-0.01
D
Q gs
-0.015
é X
7] .
-0.02 2
| | I@
-2 —1 3

+
aR
)
t
V)
[l

64, 2-mode profile
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Far-field reconstruction

Reconstruction, k=35.1, ei=o.5n, zo=200
Ra=0.111311, eu=1 1.8546, m=64, no=35

0.2

Exact
-+ Newton
O Fixed pt iter

0.15

-0.15

# data = 64
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Phase retrieval

Discrete finite objects

Let n = (nq,n5) € Z2 and z = (z1, 25) € C2.
multi-index :  z" = 271252

Let the object be represented by f(n),n <N = (IN,N)

Fourier transform describes wave propagation
F(ei27rw1 €i27rw2) — Zf(n)e—iQWn-W
In
Analytic continuation — z-transform

F(z) = Zf(n)z_n.

Discrete phase retrieval problem:
Determine f(n) from Fourier magnitude data

F(w)|, VYw = (e?™1 ¢l2m™02) ¢ [0, 1]?

36



Fourier magnitude data.:
N

Z Zf(m 4 n)f*(m)e—iQﬂ'n-W
n=—N 1
N

Z Cf (n)e—i27rn-w
n——N

[F(w)[?

where

Cy(n) =) f(m+n)f*(m)

Is the autocorrelation function of f.

Fourier magnitude data contain complete information about
autocorrelation function.

Sampling Theorem:
supp(Cy) C [-N,N]?== [0,1]? is reduced to the Nyquist grid

1 2 QN}

M:{k,kz k; = 0, , e
(k1 k2) * Ky ON 4+ 1'2N + 1 ON + 1

37



Trivial ambiguities

Autocorrelation:

C/(m)= >  f(m+n)f*(m)
m-4-neN

Invariant under:
(i) global phase,

f(n) — €'?f(n), for some 6 € [0, 27],

(ii) spatial translation

f(n) — f(n+m), some m € Z?

(iii) conjugate inversion (twin image)

f(m) — f*(N —n).

38



Nontrivial ambiguity

THEOREM (Hayes 82, Pitts-Greenleaf 03)

Let the z-transform F'(z) of a finite complex-valued sequence
{f(n)} be given by

p
F(z) =az ™ [ Fy(z), meN? aeC
k=1

where Fi., k= 1,...,p are nontrivial irreducible polynomials. Let
G(z) be the z-transform of another finite sequence ¢g(n). Sup-
pose |[F(w)| = |G(w)|,¥w € [0,1]°. Then G(z) must have the
form

G(z) = |a]ezP (H Fk(z)> ( 11 F;;‘(l/z*)), peN20eR
kel kelc
where [ is a subset of {1,2,...,p}.

Nontrivial ambiguity: Partial conjugate inversion on factors.

39



Random illumination

Coded aperture imaging

: @ !“

Diffuser generated speckle pattern: Garcia-Zalevsky-Fixler 05

Fig. 2. (a) Encoding speckle pattern. (b) Autocorrelation of the encoding pattern.
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Random illumination
f(n) = f(n)X(n) (illuminated object)

A(n), representing the illumination field, is a known sequence
of samples of random variables.

Let A\(n) be continuous random variables with respect to the
Lebesque measure on S! (the unit circle), R or C.

Case of S! can be facilitated by a random phase modulator
with

A(n) = )

where ¢(n) are continuous random variables on [0, 2x].
Case of R: random amplitude modulator.
Case of C: both phase and amplitude modulations.

4]



Irreducibility

THEOREM. Suppose that the support of the object {f(n)}
has rank > 2. Then the the z-transform of the illuminated
object f(n)A(n) is irreducible with probability one.

False for rank | objects: fundamental thm of algebra

Fourier magnitude data number

O = : :
unknown image pixel number

= 24  Oversampling ratio

We assume object rank > | below

42



Absolute uniqueness

Positivity

THEOREM If f(n) is real and nonnegative for every n then,
with probability one, f is determined absolutely uniquely by
the Fourier magnitude measurement on the lattice L.

Sector constraint

THEOREM Suppose the phases of the object belong to [a,b] C
0,27]. Then the solution to the Fourier phasing problem has
a unique solution with probability exponentially close to unity
(depending on the sparsity and the phase range |b — al.)

43



Complex objects w/0 constraint

THEOREM. Suppose that {\{(n)} are i.i.d. continuous ran-
dom variables with respect to the Lebesgue measure on si, R
or C and in addition either one of the following conditions is
true.

(i) {X2(n)} are i.i.d. continuous random variables with respect
to the Lebesgue measure on S1, R or C and {)\>(n)} are inde-
pendent of {\1(n)}.

(ii) {X>(n)} are deterministic.

Then with probability one f(n) is uniquely determined, up to
a constant phase factor, by the Fourier magnitude measure-
ments with two illuminations A1 and X-.

44



Error Reduction (Gerchberg-Saxton)

Co C, Co G,

Bregman 65: convex constraints —> convergence to a feasible
solution.

Fourier magnitude data are a non-convex constraint!

Nonconvexity or honuniqueness ?

45



normalized error at each iteration

normalized error at each iteration
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(

(e) - (h) Low resolution 40 x 40 block illumination with OR=2

normalized error
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normalized error

0.5

0.45

0.4

0.35

0.3

0.25

0.2

0.15

0.1

0.05

0.5

0.45

0.4

0.35

0.3

0.25

0.2

0.15

0.1

0.05

0.5

0.45

0.4

0.35

0.3

normalized error at each iteration
T T T T T T

. . . . . . . . .
500 1000 1500 2000 2500 3000 3500 4000 4500 5000
iteration

(b)

normalized error at each iteration
T T T T T T T T T

. . . . . . . . .
50 100 150 200 250 300 350 400 450 500
iteration

(f)

normalized error at each iteration
T T T T T T T T T T T

. . . . . . . . .
100 200 300 400 500 600 700 800 900 1000 1100 1200
iteration

(3)

(g)

(k)

normalized error

normalized error

normalized error

0.5

o
>

I
o

o
~

e
w

o
N

0.1

0.5

normalized error at each iteration
T

. . . . . . . . . .
100 200 300 400 500 600 700 800 900 1000
iteration
normalized error at each iteration
T T T T T T T
. . . . . S
5 10 15 20 25 30 35
iteration
normalized error at each iteration
T T T T T T T
5 10 15 20 25 30 35
iteration

1)

(i) - (I) High resolution illumination with OR=1
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normalized error

normalized error

normalized error

Low resolution

normalized error at each iteration
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ompressed measurement

relative error versus oversampling rate

relative error versus oversampling rate

relative error versus oversampling rate

average relative error in 5 trials
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(a) real-valued
(b) positive real & imaginary parts
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—— high resolution & gaussian noise —— high resolution & gaussian noise
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Highly coherent matrix

relative gridding error versus the refinement fractor

0.25
0.2 -
0.15} . R |
B S Fine grid —{
Coarse grid o~ | !gl |
0.1
0.05

average relative gridding error in 100 trials

5 10 15 20 25 30 35 40 45 50
refinement factor F

Gridding error is inversely proportional to refinement factor F

G=17/F
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Coherence band

pairwise coherence pattern

— 1 coherence versus the radius of excluded band
1 T T T
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Coherence pattern ©*d for 100 x 4000 matrix with FF = 20 (left)
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Redundant dictionary

coherence versus the radius of excluded band coherence versus the radius of excluded band
1 T T T T T 1 T T T T T
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0.4} 061
0.3 0.5
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041
0.1 N | BN
0 1 1 1 1 1 1 1 1 1 1
0 0.5 1 1.5 2 2.5 3 0 0.5 1 1.5 2 2.5 3
radius of excluded band (unit:Rayleigh Length) radius of excluded band (unit:Rayleigh Length)

Coherence bands of the DFT frame D (left) and ® = AD (right).
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Coherence band

Let n» > 0. Define the n-coherence band of the index k£ to be
the set

By(k) =A{i | p(i, k) > n},
and the n-coherence band of the index set S to be the set

By(S) = UesBn(k).

Due to the symmetry u(i, k) = p(k,i), @« € By(k) if and only if
k € Bp(2).

Denote

By (k) = By(By(k)) = Ujcp, 1y Bn ()
BY(S) = By(By(S)) = UpesBS2 (k).
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Band exclusion

Algorithm 1.

BOMP

Input: ®,Y,n>0
Initialization: X9 =0,R%° =Y and SO = ¢

Iteration: Forn=1,...;s

1) imax = arg max; | (R*~ 1, &;) |,i ¢ By (57 1)

2) 8" = S 1 U {imax}

3) X7
4) RP =Y — ®X"

Output: x°.

argming [|®Z — Y||> s.t. supp(Z) € S"
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BOMP: performance guarantee

THEOREM (F & Liao 11) Suppose that
By(i) N B (j) =0, Vi, j € supp(X)

and that
5 ||E
(55— 4y Tmax 4 O IEl2
L'min 2 Tmin
where
Tmax = mkax [ Xkl,  Zmin = mkm | Xk|-

Let X be the BOMP reconstruction. Then

supp(X) C By(supp(X))

and every nonzero component of X is in the n-coherence band
of a unique nonzero component of X.

— ———

Theoretical resolution 3¢. Numerical resolution ~ 1/.

Independent of grid refinement!

om - v M 1
Compression: s~ gymamic ranger "~ 4T for moderate SNR.
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Local optimization

~ Algorithm 2. Local Optimization (LO)

Input:®,Y,n > 0,5 = {iy,...,i}.

Iteration: Forn=1,2,..., k.
1)X" =arg ming||®Z — Y2, supp(z) = S""1 U By,(in).
2) S™ = supp(X™).

Output: S*.

Algorithm 3. BLOOMP

Input: ®,Y,n>0
Initialization: X9 =0,R% =Y and 59 =
Iteration: Forn=1,...,s
1) imax = argmin; | (R*~1,&;) |,i ¢ B (5"~ 1)
2) 8™ = LO(S™ 1 U {imax}).
3) X" =argmingyg||®Z — Y||o s.t. supp(Z) € S™
4) R =Y — X"
Output: X?°.
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Performance guarantee

THEOREM (F & Liao 11) Let S° and S* be the input and
output, respectively, of the LO algorithm.

If

1 1 1
wmin>(5—|—2(8—1>77) (1_77 | \/(]__77)2 | 1_772>

and each element of SO is in the n-coherence band of a unique
nonzero component of X, then each element of S* remains in
the n-coherence band of a unique nonzero component of X.
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OoMP

—k exact
—% recovered

50
dis =13.3 residual = 7.1744% L1 error = 97.0287%0.1—filtered error = 28.2382%

100

(a)

BPDN

150

—* exact
—% recovered | |

*
*

50

100

150

dis =0.02 residual = 5.0403% L1 error = 152.9446%0.1—filtered error = 26.0038%

(c)

BLOOMP
8
—% exact
. —% recovered
*
% #*
6,
%*
¥
5% %
*
sk y
4l 'S
*
*®
3% ¥
*

0 50

100

1

dis =0.02 residual = 4.3968% L1 error = 40.6664%0.1—filtered error = 6.2433%

(b)

BPDN-BLOT
8
—k exact
. —% recovered
*
*
6l %
Yo
¥
5 >
*
#*
4l ¥
t 3
*
%
3%
*

0 50
dis =0.02 residual = 4.3968% L1 error = 40.6664%0.1—filtered error = 6.2433%

(d)

100

1

Reconstructions of real parts of 20 well-separated targets (distance >
3 Rayleigh length) with unresolved grid(superresolution factor = 50)

and 5% noise by (a) OMP (b) BLOOP (c) BP (d) BP-BLOT
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OMP BLOOMP

2 T T 2 T T
—%k exact —%k exact
1.8} —% recovered |- 1.8} —% recovered |-
1.6 b 1.6 b
g
1.4} o 1 1.4} 1
% Sk
1.2 E 1.2+ i
1r E 1r b
0.8fF * e 0.8} i
F¥ k ¥ 3; K ¥ K %
0.6 R 0.6 E
0.4} R 0.4} R
0.2 R 0.2 R
0 4
74 76 78 80 82 84 86 74 76 78 80 82 84 86
dis = 0.59 residual = 8.1318% L1 error = 199.5957% 0.1filtered error = 76.4382% dis = 0.55 residual = 5.4161% L1 error = 165.5923% 0.1-filtered error = 65.05%

(a) (b)

BPDN BPDN-BLOT
2 T T 2 T T
—%k exact —%k exact
18}k —%* recovered | 18}F —%* recovered |
16} 1 16} 1
1.4} 1 1.4} 1
1.2 E 1.2+ i
1+ R 1+ R
g
0.8fF e 0.8} i
*¥ * *% * ﬁﬁ sk *¥ *
0.6 R 0.6 E
Sk
0.4} R 0.4} E
0.2 R 0.2 E
0 4
74 76 78 80 82 84 86 74 76 78 80 82 84 86
dis = 0.55 residual = 5.4008% L1 error = 183.0318% 0.1-filtered error = 34.2551% dis = 0.03 residual = 4.9954% L1 error = 68.0921% 0.1-filtered error = 12.812%

(c) (d)
Reconstructions of 6 closely spaced targets (min distance = 0.2 Rayleigh

length) with unresolved grid (superresolution factor = 100) and 5% noise by
(a) OMP (b) BLOOMP (c) BP (d) BP-BLOT
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success rate in 100 trials

Performance

success probability versus the number of measurem
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61



Y =0OX+E=ADX+E

relative error of the signal versus noise level relative error of the signal versus the number of measurements
T T T T T T 0.8 T T T T T T T T
SIHT(u=0.1) SIHT(u=0.1)
—©6— Analysis Approach —o— ggalt\lﬂysls Approach
oo | 0-7¢ —%— BLOOMP
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average relative error of the signal in 100 trials
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»

N

| | | | 0 | ¥
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relative noise percentage number of measurements

* * * * * %
140 160 180 200
Relative error versus relative noise (left) and number of data (right)

e Candes, Eldar, Needell, Randall (201 1): Frame-adapted BP

min|ID*zl1, [|Az—yls <e

Assumptions: (i) A satisfies frame-adapted RIP

(ii) D*z is sparse > s xr, r = redundancy of dictionary.
e Duarte, Baraniuk (201 1): Spectral Compressive Sensing (SIHT)
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Conclusion

Random measurement: sample distribution,
illumination

Effective discretization
Coherent sensing matrix

Multiple scattering
SAR?
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