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two	
  spikes

two	
  complex	
  exponenDals (real	
  part	
  ploQed)y

Goal:	
  

Given	
  	
  	
  	
  ,	
  finds	
  its	
  sparse	
  representaDon	
  in	
  Fourier	
  and	
  canonical	
  basesy



Applica(ons
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• Source	
  separaDon:	
  decompose	
  signals	
  into	
  a	
  smooth	
  part	
  and	
  local	
  innovaDons	
  

• Prototype	
  for	
  the	
  following	
  problem:

Given	
  two	
  bases	
  (or	
  frames)	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  .	
  Represent	
  an	
  observed	
  signal	
  as	
  
a	
  superposi9on	
  of	
  a	
  few	
  atoms	
  from	
  	
  	
  	
  	
  	
  	
  and	
  a	
  few	
  atoms	
  from	
  	
  	
  	
  	
  .

D = [ ,�]

 �

= +

Example:	
  (Curvelets	
  +	
  DCT)

images	
  from	
  [Elad,	
  Starck,	
  Querre,	
  Donoho,	
  2005]
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Problem	
  formula3on:

:	
  a	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  -­‐sparse	
  signal.	
  Given	
  	
  	
  	
  	
  ,	
  find	
  its	
  sparse	
  representaDon	
  	
  	
  	
  .

Assume	
  that
y = [F , I] = Dx

x (Kp,Kq) y
x

Ideally,	
  solve

Convex	
  relaxaDon:

(P0) : arg min
e
x

kexk0 s.t. y = D

e
x

(P1) : arg min
e
x

kexk1 s.t. y = D

e
x

[Donoho	
  &	
  Huo,	
  ’01]:

(P1)

(P0)

(P0)

• 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  has	
  a	
  unique	
  soluDon	
  when	
  

• 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  and	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  are	
  equivalent	
  when

K = Kp +Kq <
p
N

K < 0.5
p
N
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[Elad	
  &	
  Bruckstein,	
  2002]:

Given	
  an	
  arbitrary	
  pair	
  of	
  orthogonal	
  bases	
  	
  	
  	
  	
  	
  and	
  	
  	
  	
  	
  	
  .	
  Define	
  the	
  mutual	
  coherence �

µ(D) = max

1k,jM,k 6=j

|d⇤
kdj |

kdkk2kdjk2

• 	
  	
  	
  	
  	
  	
  	
  	
  	
  is	
  unique	
  when	
  

• 	
  	
  	
  	
  	
  	
  	
  	
  	
  and	
  	
  	
  	
  	
  	
  	
  	
  	
  are	
  equivalent	
  when

• AlternaDvely,	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  and	
  	
  	
  	
  	
  	
  	
  	
  	
  are	
  equivalent	
  when

(Tight	
  Bound)

(Weaker	
  Bound)

Note:	
  when	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  and	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  ,	
  then	
  

2µ(D)

2KpKq + µ(D)max {Kp,Kq}� 1 < 0

K <
p
2� 0.5/µ(D) ⇠ 0.9/µ(D)

(P0)

(P0) (P1)

(P1)(P0)

K < 1/µ(D)

 = F � = I µ(D) = 1/
p
N
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Sparsity	
  Bounds
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Uniqueness	
  bound: K
< p

N

BP	
  exact	
  bound BP	
  simplified	
  bound

K
<
0.91 p

N

Kp

Kq

Fourier	
  and	
  canonical	
  bases:N = 144
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Sparsity	
  Bounds
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Uniqueness	
  bound: K
< p

N

Uniqueness	
  boundBP	
  bound

BP	
  exact	
  bound

ProSparse	
  bound:
KpKq < N/2

BP	
  simplified	
  bound

K
<
0.91 p

N

ProSparse:	
  Prony’s	
  based	
  sparse	
  signal	
  recovery

Kp Kp

KqKq

Fourier	
  and	
  canonical	
  bases:N = 144
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  of	
  Prony’s	
  Method
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Consider	
  the	
  case	
  when	
  the	
  signal	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  ,	
  for	
  some	
  	
  	
  	
  -­‐sparse	
  vector	
  y = FNc c 2 RNK

The	
  sparse	
  vector	
  	
  	
  	
  	
  can	
  be	
  reconstructed	
  from	
  any	
  	
  	
  	
  	
  	
  	
  	
  consecu3ve	
  entries	
  of	
  	
  	
  	
  	
  	
  c 2K y

G. C. F. M. R. de Prony

Prony’s	
  Method	
  

yn =
1p
N

K�1X

k=0

cmk e
j2⇡mkn/N =

K�1X

k=0

↵ku
n
k

↵k
def
= cmk/

p
N uk

def
= ej2⇡mk/Nwhere	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  and	
  

• The	
  	
  	
  	
  th	
  entry	
  of	
  	
  	
  	
  :

• Sparse	
  recovery	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  harmonic	
  retrieval�!

n y

ApplicaDons:	
  harmonic	
  retrieval,	
  ECC,	
  finite	
  rate	
  of	
  innovaDon	
  sampling,	
  ...



n1 n2 nKq−1 nKq

d0 d1 dKq
dKq+1

ProSparse:	
  Basic	
  Ideas
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Given	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  ,	
  where	
  	
  	
  	
  	
  is	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  -­‐sparsey = [F , I] = Dx

x (Kp,Kq)

sparse	
  “innovaDon”
sparse	
  “innovaDon”

“clean”	
  	
  
interval

“clean”	
  	
  
interval

“clean”	
  	
  
interval

• 	
  	
  	
  	
  	
  	
  	
  Fourier	
  atoms	
  —>	
  need	
  a	
  “clean”	
  interval	
  of	
  length	
  	
  

• For	
  sufficiently	
  sparse	
  signals,	
  such	
  intervals	
  always	
  exist	
  

• SequenDal	
  search	
  and	
  test:	
  polynomial	
  complexity

2KpKp



ProSparse:	
  Proper(es
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Theorem	
  [Drago9	
  &	
  Lu,	
  2014]:	
  Let	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  and	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  an	
  arbitrary	
  signal.	
  

There	
  exists	
  an	
  algorithm,	
  with	
  a	
  worst-­‐case	
  complexity	
  of	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  ,	
  that	
  finds	
  all	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  -­‐sparse	
  signal	
  	
  	
  	
  	
  	
  	
  such	
  that

y = Dx and	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  .

D = [F , I] y 2 CN

O(N3)

(Kp,Kq) x

KpKq < N/2

n1 n2 nKq−1 nKq

d0 d1 dKq
dKq+1

X

0iKq

di = N �Kq max{di} � N �Kq

Kq + 1

� 2Kp



Extensions
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Works	
  for	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  if	
  the	
  columns	
  of	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  have	
  localized	
  supportsD = [ ,�] F ⇤�

More	
  generally:

y = x+ s

• 	
  	
  	
  	
  	
  :	
  noise	
  with	
  local	
  “footprints”	
  

• 	
  	
  	
  	
  	
  :	
  a	
  “locally	
  reconstructable”	
  signal

Examples:

s

x

• Sparse	
  in	
  Fourier,	
  DCT,	
  random	
  bases	
  or	
  frames	
  …	
  

• ConDnuous	
  sparse	
  sinusoids:	
  

• Low-­‐dimensional	
  subspace

xn =
X

k

cke
j!kn
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In	
  pracDce: Kp < ⌧(↵) logN



Discrete	
  S(ck-­‐Breaking
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N consecuDve	
  integers

Randomly	
  select	
  	
  	
  	
  	
  	
  integers	
  (sampling	
  w/o	
  replacement)	
  K

n1 n2 nK

d0 d1 d2 dK

P(d0, d1, . . . , dK) = 1

(NK)
1(
P

k dk = N �K)

Joint	
  distribuDon	
  of	
  the	
  interval	
  lengths:

Related	
  to	
  Bose-­‐Einstein	
  distribu3on	
  in	
  staDsDcal	
  physics

dk = 0, 1, 2, . . .for
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Phase transition

Deterministic bound

α

0.2 0.4 0.6 0.8

τ

1

2

3

0

0.2

0.4

0.6

0.8

1

Proposi(on	
  [Oña(via,	
  Drago9	
  &	
  Lu,	
  2015]:

Let	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  for	
  some	
  	
  K = b↵Nc

in	
  prob.

0 < ↵ < 1

Corollary:	
  Let	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  be	
  a	
  linear	
  combinaDon	
  of	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Fourier	
  atoms	
  	
  

and	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  spikes.	
  If	
  the	
  locaDons	
  of	
  the	
  spikes	
  are	
  sampled	
  uniformly	
  at	
  

random,	
  then

y 2 CN

Kq = b↵Nc

Kp = ⌧ logN

lim

N!1
P(ProSparse succeeds) =

(
1, if ⌧ < ⌧⇤(↵)

0, if ⌧ > ⌧⇤(↵)

lim
N!1

maxk dk
logN = �1

log(1�↵)
def

= ⌧⇤(↵)
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BP:	
  

ProSparse:	
  Kp = ⌧(↵) logN,Kq = ↵N

But:

• ProSparse	
  only	
  depends	
  on	
  the	
  distribuDon	
  of	
  spike	
  locaDons;	
  
• Fourier	
  frames	
  
• Arbitrary	
  coefficient	
  distribuDons

Kp +Kq
.
= cN/

p
logN [Candes	
  &	
  Romberg,	
  2006]
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• SeIng:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  where	
  the	
  noise	
  is	
  i.i.d.	
  Gaussian	
  

• Key	
  Ingredients	
  of	
  ProSparse	
  Denoise:	
  	
  

• Replace	
  Prony’s	
  with	
  a	
  noise	
  resilient	
  version:	
  Cadzow	
  algorithm	
  	
  

• Treat	
  Spikes	
  as	
  noise	
  	
  

• Algorithm:	
  

1.	
  EsDmate	
  the	
  Kp	
  Fourier	
  atoms	
  using	
  Cadzow	
  

2.	
  Remove	
  this	
  contribuDon	
  from	
  y,	
  esDmate	
  the	
  largest	
  spike	
  from	
  the	
  	
  	
  
residual	
  and	
  remove	
  it	
  from	
  y	
  

3.	
  Repeat	
  steps	
  1	
  and	
  2,	
  Kq	
  Dmes.	
  	
  	
  

4.	
  EsDmate	
  the	
  spikes	
  using	
  duality

y = [F, I][xT
p ,xT

q ] + ✏
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(a) SNR = 10 dB, bias = 50%. (b) SNR = 5 dB, bias = 50%.
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(c) SNR = 10 dB, bias = 25%. (d) SNR = 5 dB, bias = 25%.

Fig. 2: Union of Fourier and identity bases, each of size N ⇥N with N = 256. Simulation results with K
q

= bias ·K spikes and K
p

= K �K
q

Fourier
atoms. 1000 realisations per sparsity level (100 non-zero locations uniformly drawn at random and for each realisation of the non-zero locations 10 realisations
of the amplitudes drawn from N (0, 1) for the real and imaginary parts). Results denoted by PSDN correspond to the proposed algorithm.

5. SIMULATION RESULTS

The noisy sparse recovery algorithm has been tested against
state of the art algorithms such as BPDN, OMP, LASSO and
Subspace Pursuit (denoted by SUB). Figure 2 presents the
results where we have measured the MSE of the recovered
sparse vector and the probability that the algorithms recover
the exact support of the original sparse signal. Specifically,
for a given sparsity level and SNR, 100 different supports of
the sparse vector x 2 C2N are generated uniformly at ran-
dom; and for each realisation of the support, 10 different re-
alisations of the amplitudes of x and of the the noise vector
" are generated such that the observation y = Dx + " sat-
isfies the specified SNR. All the amplitudes are Gaussian dis-
tributed and complex-valued. At each realisation, all the algo-
rithms reconstruct a sparse vector from the noisy observation
y. Simulations have been performed for 4 different scenar-
ios that correspond to SNR levels of 5 and 10 dB with a bias
in the number of atoms from one dictionary with respect to
the other of 25 and 50 %. A bias of 25 % means that there
are K/4 spikes and 3K/4 Fourier atoms (the different values
of K are chosen so that these numbers are always integers).
From the results, it is clear that ProSparse Denoise consis-
tently outperforms state of the art algorithms at all noise and
sparsity levels.

Besides the gain in performance, it is also important to
note that this novel algorithm is faster than the other algo-
rithms in the majority of scenarios. Execution times have
been measured during these simulations and are summarised
in Table 1. These measurements are obtained by averaging
over the multiple realisations of each sparsity level. The ex-
periments have been run using a commercial laptop (tested
on a 2.5GHz Intel Core i5 CPU) and all the algorithms were
implemented in MATLAB. We used the CVX package to im-
plement the BPDN optimisation problem because it was giv-
ing the best performance compared to other optimisation tool-

boxes [11]. LASSO was tested using MATLAB’s implemen-
tation. OMP has been implemented for the simulations and
the implementation of Subspace Pursuit downloaded from the
authors’ website. For sparsity levels that go beyond 16 for
N = 256 ProSparse Denoise is the fastest of all the algo-
rithms.

Table 1: Average execution time of sparse recovery algorithms, N = 256.

K PSDN BPDN OMP LASSO SUB
4 0.0098 33.0813 0.2442 0.1503 0.0055
8 0.0112 29.3087 0.4779 0.1565 0.0087
12 0.0136 27.8360 0.7159 0.1722 0.0110
16 0.0151 27.2135 0.9560 0.1921 0.0165
20 0.0171 26.7477 1.1906 0.2038 0.0195
24 0.0202 26.7861 1.4324 0.2183 0.0230
28 0.0216 25.8907 1.6440 0.2318 0.0251
32 0.0203 22.9313 1.6568 0.2218 0.0250

6. SUMMARY

A novel algorithm has been presented to solve the sparse re-
covery problem in the noisy scenario. This new approach is
based on an extension of the Cadzow denoising algorithm for
the finite-dimensional case. This extension is combined with
an iterative spike removal algorithm to obtain a cleaned signal
that only contains Fourier atoms. These atoms are then esti-
mated using Prony’s method. The overall algorithm is able to
solve the sparsity problem faster, and with higher precision,
than state of the art algorithms. We note that traditional com-
pressed sensing methods are more flexible, in the sense that
they can solve the sparsity problem for generic dictionaries.
However, our method outperforms these algorithms because
it fully exploits the particular structure of the dictionary at
hand: the union of Fourier and identity matrices.
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(a) SNR = 10 dB, bias = 50%.
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(b) SNR = 5 dB, bias = 50%.

(c) SNR = 10 dB, bias = 25%.
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(d) SNR = 5 dB, bias = 25%.

Fig. 2: Union of Fourier and identity bases, each of size N ⇥N with N = 256. Simulation results with K
q

= bias ·K spikes and K
p

= K �K
q

Fourier
atoms. 1000 realisations per sparsity level (100 non-zero locations uniformly drawn at random and for each realisation of the non-zero locations 10 realisations
of the amplitudes drawn from N (0, 1) for the real and imaginary parts). Results denoted by PSDN correspond to the proposed algorithm.

5. SIMULATION RESULTS

The noisy sparse recovery algorithm has been tested against
state of the art algorithms such as BPDN, OMP, LASSO and
Subspace Pursuit (denoted by SUB). Figure 2 presents the
results where we have measured the MSE of the recovered
sparse vector and the probability that the algorithms recover
the exact support of the original sparse signal. Specifically,
for a given sparsity level and SNR, 100 different supports of
the sparse vector x 2 C2N are generated uniformly at ran-
dom; and for each realisation of the support, 10 different re-
alisations of the amplitudes of x and of the the noise vector
" are generated such that the observation y = Dx + " sat-
isfies the specified SNR. All the amplitudes are Gaussian dis-
tributed and complex-valued. At each realisation, all the algo-
rithms reconstruct a sparse vector from the noisy observation
y. Simulations have been performed for 4 different scenar-
ios that correspond to SNR levels of 5 and 10 dB with a bias
in the number of atoms from one dictionary with respect to
the other of 25 and 50 %. A bias of 25 % means that there
are K/4 spikes and 3K/4 Fourier atoms (the different values
of K are chosen so that these numbers are always integers).
From the results, it is clear that ProSparse Denoise consis-
tently outperforms state of the art algorithms at all noise and
sparsity levels.

Besides the gain in performance, it is also important to
note that this novel algorithm is faster than the other algo-
rithms in the majority of scenarios. Execution times have
been measured during these simulations and are summarised
in Table 1. These measurements are obtained by averaging
over the multiple realisations of each sparsity level. The ex-
periments have been run using a commercial laptop (tested
on a 2.5GHz Intel Core i5 CPU) and all the algorithms were
implemented in MATLAB. We used the CVX package to im-
plement the BPDN optimisation problem because it was giv-
ing the best performance compared to other optimisation tool-

boxes [11]. LASSO was tested using MATLAB’s implemen-
tation. OMP has been implemented for the simulations and
the implementation of Subspace Pursuit downloaded from the
authors’ website. For sparsity levels that go beyond 16 for
N = 256 ProSparse Denoise is the fastest of all the algo-
rithms.

Table 1: Average execution time of sparse recovery algorithms, N = 256.

K PSDN BPDN OMP LASSO SUB
4 0.0098 33.0813 0.2442 0.1503 0.0055
8 0.0112 29.3087 0.4779 0.1565 0.0087
12 0.0136 27.8360 0.7159 0.1722 0.0110
16 0.0151 27.2135 0.9560 0.1921 0.0165
20 0.0171 26.7477 1.1906 0.2038 0.0195
24 0.0202 26.7861 1.4324 0.2183 0.0230
28 0.0216 25.8907 1.6440 0.2318 0.0251
32 0.0203 22.9313 1.6568 0.2218 0.0250

6. SUMMARY

A novel algorithm has been presented to solve the sparse re-
covery problem in the noisy scenario. This new approach is
based on an extension of the Cadzow denoising algorithm for
the finite-dimensional case. This extension is combined with
an iterative spike removal algorithm to obtain a cleaned signal
that only contains Fourier atoms. These atoms are then esti-
mated using Prony’s method. The overall algorithm is able to
solve the sparsity problem faster, and with higher precision,
than state of the art algorithms. We note that traditional com-
pressed sensing methods are more flexible, in the sense that
they can solve the sparsity problem for generic dictionaries.
However, our method outperforms these algorithms because
it fully exploits the particular structure of the dictionary at
hand: the union of Fourier and identity matrices.
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(b) SNR = 5 dB, bias = 50%.

(c) SNR = 10 dB, bias = 25%.
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(d) SNR = 5 dB, bias = 25%.

Fig. 2: Union of Fourier and identity bases, each of size N ⇥N with N = 256. Simulation results with K
q

= bias ·K spikes and K
p

= K �K
q

Fourier
atoms. 1000 realisations per sparsity level (100 non-zero locations uniformly drawn at random and for each realisation of the non-zero locations 10 realisations
of the amplitudes drawn from N (0, 1) for the real and imaginary parts). Results denoted by PSDN correspond to the proposed algorithm.

5. SIMULATION RESULTS

The noisy sparse recovery algorithm has been tested against
state of the art algorithms such as BPDN, OMP, LASSO and
Subspace Pursuit (denoted by SUB). Figure 2 presents the
results where we have measured the MSE of the recovered
sparse vector and the probability that the algorithms recover
the exact support of the original sparse signal. Specifically,
for a given sparsity level and SNR, 100 different supports of
the sparse vector x 2 C2N are generated uniformly at ran-
dom; and for each realisation of the support, 10 different re-
alisations of the amplitudes of x and of the the noise vector
" are generated such that the observation y = Dx + " sat-
isfies the specified SNR. All the amplitudes are Gaussian dis-
tributed and complex-valued. At each realisation, all the algo-
rithms reconstruct a sparse vector from the noisy observation
y. Simulations have been performed for 4 different scenar-
ios that correspond to SNR levels of 5 and 10 dB with a bias
in the number of atoms from one dictionary with respect to
the other of 25 and 50 %. A bias of 25 % means that there
are K/4 spikes and 3K/4 Fourier atoms (the different values
of K are chosen so that these numbers are always integers).
From the results, it is clear that ProSparse Denoise consis-
tently outperforms state of the art algorithms at all noise and
sparsity levels.

Besides the gain in performance, it is also important to
note that this novel algorithm is faster than the other algo-
rithms in the majority of scenarios. Execution times have
been measured during these simulations and are summarised
in Table 1. These measurements are obtained by averaging
over the multiple realisations of each sparsity level. The ex-
periments have been run using a commercial laptop (tested
on a 2.5GHz Intel Core i5 CPU) and all the algorithms were
implemented in MATLAB. We used the CVX package to im-
plement the BPDN optimisation problem because it was giv-
ing the best performance compared to other optimisation tool-

boxes [11]. LASSO was tested using MATLAB’s implemen-
tation. OMP has been implemented for the simulations and
the implementation of Subspace Pursuit downloaded from the
authors’ website. For sparsity levels that go beyond 16 for
N = 256 ProSparse Denoise is the fastest of all the algo-
rithms.

Table 1: Average execution time of sparse recovery algorithms, N = 256.

K PSDN BPDN OMP LASSO SUB
4 0.0098 33.0813 0.2442 0.1503 0.0055
8 0.0112 29.3087 0.4779 0.1565 0.0087
12 0.0136 27.8360 0.7159 0.1722 0.0110
16 0.0151 27.2135 0.9560 0.1921 0.0165
20 0.0171 26.7477 1.1906 0.2038 0.0195
24 0.0202 26.7861 1.4324 0.2183 0.0230
28 0.0216 25.8907 1.6440 0.2318 0.0251
32 0.0203 22.9313 1.6568 0.2218 0.0250

6. SUMMARY

A novel algorithm has been presented to solve the sparse re-
covery problem in the noisy scenario. This new approach is
based on an extension of the Cadzow denoising algorithm for
the finite-dimensional case. This extension is combined with
an iterative spike removal algorithm to obtain a cleaned signal
that only contains Fourier atoms. These atoms are then esti-
mated using Prony’s method. The overall algorithm is able to
solve the sparsity problem faster, and with higher precision,
than state of the art algorithms. We note that traditional com-
pressed sensing methods are more flexible, in the sense that
they can solve the sparsity problem for generic dictionaries.
However, our method outperforms these algorithms because
it fully exploits the particular structure of the dictionary at
hand: the union of Fourier and identity matrices.
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