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Highly compressed recap 
of what is ...

Compressed
 

Sampling

Compressive

Sampling

Compressive Sensing

Compressed SensingPart I:
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Generally, sampling is ...
+ Shannon/Nyquist

Human readable signal!
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+ Shannon/Nyquist

4

New ways to sample signals ....

World Sensing
Device Human

Signal Sensing Signal

Optimized setup: sampling rate     information/

   “Computer readable” sensing + prior information

Generally, sampling is ...

Human readable signal
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   “Computer readable” sensing + prior information

+ Shannon/Nyquist
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World Sensing
Device Human

Signal Sensing Signal

Optimized setup: sampling rate     information/

New ways to sample signals ....

Generally, sampling is ...

Human readable signal

structures, sparsity, 
low-rank, ...
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Compressed Sensing...

“Forget” Dirac, forget Nyquist, 
ask few (linear) questions 
about your informative (sparse) signal, 
and recover it differently (non-linearly)”  

... in a nutshell:
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1st, CS   Generalized Linear Sensing!
M questions Sensing method Signal
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( = Id)
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in this 
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Caveat: x = discr. of “xc(·)”,
and y = �(xc) ⇡ �x

given some (linear) sensing � process of xc

3
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discrete
world

yi = h',xi = '

T
x

Generalized Linear Sensing!

yi
'i

1  i  M
e.g., to be realized

optically!

1st, CS   Generalized Linear Sensing!3
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If x is K-sparse and if     well “conditioned” 
then: 

�

kuk1 =
P

j |uj | (Basis Pursuit) [Chen, Donoho, Saunders, 1998]

x

⇤ = arg min
u2RN

kuk1 s.t. y = �u

2nd, CS   Non-linear reconstruction!3
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If x is K-sparse and if     well “conditioned” 
then: 

�

kuk1 =
P

j |uj |

for all 2K sparse signals v.

p
1� � kvk2 6 k�vk2 6

p
1 + � kvk2

9 � 2 (0, 1)

any subset of 2K columns 
is an isometry 

if                 � <
⇥

2� 1  [Candes 08]

Restricted Isometry Property

(Basis Pursuit) [Chen, Donoho, Saunders, 1998]

Simplifying assumption

x

⇤ = arg min
u2RN

kuk1 s.t. y = �u

2nd, CS   Non-linear reconstruction!3
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If x is K-sparse and if     well “conditioned” 
then: 

�

kuk1 =
P

j |uj |

for all 2K sparse signals v.

p
1� � kvk2 6 k�vk2 6

p
1 + � kvk2

9 � 2 (0, 1)

any subset of 2K columns 
is an isometry 

if                 � <
⇥

2� 1  [Candes 08]

Restricted Isometry Property

(Basis Pursuit) [Chen, Donoho, Saunders, 1998]

� 2 RM⇥N , �ij ⇠iid N (0, 1)

Examples: 
+ Gaussian
+ Bernoulli
+ Random Fourier
+ ....

M = O(K logN/K) ⌧ N

Simplifying assumption

x

⇤ = arg min
u2RN

kuk1 s.t. y = �u

2nd, CS   Non-linear reconstruction!3
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If x is K-sparse and if     well “conditioned” 
then: 

�

kuk1 =
P

j |uj |

xLS

x = xBP

Φu = y

ℓ1-ball

ℓ2-ball

R2

e1

e2

(Basis Pursuit) [Chen, Donoho, Saunders, 1998]

Solvers:
Linear Programming, 
Interior Point Method,
Proximal Methods, 
 ... Tons of toolboxes ...

x

⇤ = arg min
u2RN

kuk1 s.t. y = �u

2nd, CS   Non-linear reconstruction!3
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If x is K-sparse and if     well “conditioned” 
then: 

�

kuk1 =
P

j |uj | (Basis Pursuit) [Chen, Donoho, Saunders, 1998]

Solvers:
Linear Programming, 
Interior Point Method,
Proximal Methods, 
 ... Tons of toolboxes ...

ky ��uk 6 ✏

xLS

x = xBP

Φu = y

ℓ1-ball

ℓ2-ball

R2

e1

e2✏

x

⇤ = arg min
u2RN

kuk1 s.t. y = �u

2nd, CS   Non-linear reconstruction!3
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If x is K-sparse and if     well “conditioned” 
then: 

�

(relax.)

kuk1 =
P

j |uj |

xLS

x = xBP

Φu = y

ℓ1-ball

ℓ2-ball

R2

e1

e2

(Basis Pursuit) [Chen, Donoho, Saunders, 1998]

Solvers:
Linear Programming, 
Interior Point Method,
Proximal Methods, 
 ... Tons of toolboxes ...

ky ��uk 6 ✏

✏

kx� x

⇤k 6 C 1p
K
kx� xKk1 + D✏

Robustness: vs sparse deviation + noise.

x

⇤ = arg min
u2RN

kuk1 s.t. y = �u

2nd, CS   Non-linear reconstruction!3
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Compressive Schlieren 
Deflectometry

Part II:

(main contributor: Prasad Sudhakar 
+ Lambda-X collaboration )
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The problem:

16

p sp(✓,')

“deflection 
spectrum”

‣ Local curvature at every p is characterized by sp(✓,')

e3

e2

p

‣ Objective: Reconstruct deflection spectra at all p 

‣ Application: Optical manufacturing and metrology

e2

e3

(tan �,⇥)

'
✓

e1
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Deflection spectrum:

17

Centre of the spectral
 feature

‣ Difficult to measure deflections directly
Only indirect measurement

‣ Tool: Schlieren Deflectometry
Light changes its path based on refractive index change

‣ Observation:
Smooth objects = controlled deflections = sparse deflection spectra

‣        Noisy problem!!
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Schlieren deflectometry:

18

Telecentric system (TS)
Allows light rays parallel to O

Lens 2 CCDObject

⌧
�⌧

Uniform
Backlight 
Source

Lens 3PinholeLens 1

f

�x

O

Deflection       Shift
�x = f tan ✓k.

Measurements
are here!

SLM pattern

'i

e.g., Fourier
or Hadamard

� =

Elementwise 
product

Inner product of 
the spectrum with 

SLM pattern

yik = h'i, ski

X
( ) = yik

Optics
Deflection 
Spectrum

sk

Spatial Light 
Modulator 
(SLM)

k
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A system view ...

19

CCD

h
h

h

, i
, i

, i
= yk

Deflection spectra 
h i'i,

yk = �sk + n

Vector of 
measurements

SLM patterns
(as rows)

Deflection spectrum 
(as a vector)

Measurement 
noise

{'1,'2, . . . ,'m}
[y1k, y2k, . . . , ymk]

h , i
Optics
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The inverse problem

20

yk = �sk + n

‣ For each pixel k, Obtain      from     sk yk

‣ Operational requirement
‣ Fewer SLM patterns = small sized      yk

underdetermined linear inverse problem

‣ What helps?
‣ sparse deflection spectra     
‣ pattern randomness

sk

Compressive Sensing (CS)
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CS of deflection spectra

21

Image credits: Rice University
http://dsp.rice.edu/cscamera

‣ Rice University’s single pixel camera

Each CCD pixel of 
Schlieren deflectometer 
= single pixel camera

CCD 
observations

y1k y2k y3k y4k · · · ymk

Sparse 
Deflection 
spectrum

sk

�

SLM patterns = 
Sensing matrix

yk = �sk = � �ksk =  �k

http://www.lambda-x.com
http://www.lambda-x.com
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What are the sensing constraints ?

22

‣ Physical constraints of the system:

‣ Non-negative, real-valued sensing matrix entries

‣ Binary sensing matrix entries: avoiding non-linearities

‣ Additional requirements:

‣ Randomness for optimal measurements

‣ Structured measurements for fast computations

➠  Spread Spectrum Compressive Sensing [Puy et al, 2012]
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Spread Spectrum Compressive Sensing  1/2

23

‣ Bias and scale for non-negativity: (since optical)

� =
1

2
(HT

⌦M + 1N1T
N ) 2 {0, 1}M⇥N

� = HT
⌦M

‣ Spread spectrum: random phase modulation of s
y = HT

⌦Ms

) mi = ±1‣ Real valued M                  w.e.p. ) HTM 2 {±1}N⇥N

• Spread spectrum 
matrix

|mi| = 1 M = [ ]m
2 CN⇥N

• Rademacher/
Steinhaus sequence

m,

‣            : Hadamard basis (binary)� = H

Need not be incoherent with the sparsity basis  
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Spread Spectrum Compressive Sensing  2/2

24

‣ Universal sensing bases |�ij | = const.

e.g., Fourier and Hadamard bases

1�O(N�⇢)

‣ Successful recovery when  

with a probability at least                 , 0 < ⇢ < log

3
(N)

whatever the sparsity basis!! 
       (principle: coherence decreasing with spread spec.)

G. Puy, et al., “Universal and efficient compressed sensing by spread spectrum and application to realistic 
Fourier imaging techniques,” Journal on Adv. in Sig. Proc., 2012. 

M � C⇢ K log

5
(N)
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Reconstructions

25

agrees with the measurements. Hence, this approach is called as the analysis approach [18, 36]. In
our work, we solve both the synthesis and analysis problems with a UDWT dictionary.

To summarize, our work will analyze the benefit of using one of the following schemes for
reconstructing sparse deflection spectra:

1. Recovery by synthesis using orthonormal wavelet basis,

2. Recovery by synthesis using UDWT and

3. Recovery by analysis using UDWT.

As the deflection spectrum represents the deflection of light in di↵erent directions, it is natural
that it is non-negative. This is an important prior information which constrains the space of
candidate solutions of the optimization problems we would like to solve.

Letting RN
+

= {z = [z
1

, . . . , zN ]T 2 RN |zi � 0, 1  i  N} denote the N -dimensional non-
negative quadrant, and denoting �

S

:= �⇤
⌦

 and �
A

:= �⇤
⌦

, the two optimization problems we
would like to solve, with non-negativity constraint, can be written as

b↵ := arg min
↵2CN

k↵k
1

subject to ky ��
S

↵k
2

 ✏ and  ↵ 2 RN
+

; (12)

and
ŝ := arg min

s
k ⇤sk

1

subject to ky ��
A

sk
2

 ✏ and s 2 RN
+

. (13)

6 Numerical method

To solve the problems Eqs. (12) and (13), we make use of a primal-dual method called the
Chambolle-Pock (CP) algorithm [11]. Chambolle-Pock algorithm solves primal-dual forms of un-
constrained convex problems and it relies on proximal operators of the functions involved in the
objective. It has a flexible structure, which allows easy inclusion of additional terms in the objec-
tive function. Furthermore, it has guarantees of convergence under under broad conditions on the
objective function.

6.1 Chambolle-Pock algorithm

Let K : RN ! RM be a continuous linear operator with a bounded norm. Let F : RM ! [0, +1]
and G : RN ! [0, +1] be two proper, convex, lower-semicontinuous functions [4]. The Chambolle-
Pock algorithm is used to solve saddle-point problems of the form

min
u2RN

max
v2RM

hKu, vi + G(u) � F ⇤(v). (14)

It can be seen that Eq. (14) is the primal-dual formulation of the primal minimization problem

min
u2RN

F (Ku) + G(u). (15)

By denoting F ⇤ and G⇤ to be the convex conjugates of F and G respectively, the Chambolle-
Pock algorithm to solve Eq. (14) can be summarized as:

11

Synthesis:
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Reconstructions
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agrees with the measurements. Hence, this approach is called as the analysis approach [18, 36]. In
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11

Synthesis:

Analysis:
(“beyond theory”)
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Reconstructions

27

‣ Numerically: Proximal methods (Chambolle-Pock algorithm)

‣ Generalized gradient methods for non-smooth convex functions
‣ Proximal operators: easy to evaluate for several functions

‣ Easy to include additional constraints

 :‣      DWT & UDWT (Daubechies 9/7 wavelet basis)
‣ Additional constraint: Non-negative spectra

agrees with the measurements. Hence, this approach is called as the analysis approach [18, 36]. In
our work, we solve both the synthesis and analysis problems with a UDWT dictionary.

To summarize, our work will analyze the benefit of using one of the following schemes for
reconstructing sparse deflection spectra:

1. Recovery by synthesis using orthonormal wavelet basis,

2. Recovery by synthesis using UDWT and

3. Recovery by analysis using UDWT.

As the deflection spectrum represents the deflection of light in di↵erent directions, it is natural
that it is non-negative. This is an important prior information which constrains the space of
candidate solutions of the optimization problems we would like to solve.

Letting RN
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6 Numerical method

To solve the problems Eqs. (12) and (13), we make use of a primal-dual method called the
Chambolle-Pock (CP) algorithm [11]. Chambolle-Pock algorithm solves primal-dual forms of un-
constrained convex problems and it relies on proximal operators of the functions involved in the
objective. It has a flexible structure, which allows easy inclusion of additional terms in the objec-
tive function. Furthermore, it has guarantees of convergence under under broad conditions on the
objective function.

6.1 Chambolle-Pock algorithm

Let K : RN ! RM be a continuous linear operator with a bounded norm. Let F : RM ! [0, +1]
and G : RN ! [0, +1] be two proper, convex, lower-semicontinuous functions [4]. The Chambolle-
Pock algorithm is used to solve saddle-point problems of the form

min
u2RN

max
v2RM

hKu, vi + G(u) � F ⇤(v). (14)

It can be seen that Eq. (14) is the primal-dual formulation of the primal minimization problem

min
u2RN

F (Ku) + G(u). (15)

By denoting F ⇤ and G⇤ to be the convex conjugates of F and G respectively, the Chambolle-
Pock algorithm to solve Eq. (14) can be summarized as:

11

Synthesis:

Analysis:

(Not detaile
d here)

(“beyond theory”)
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Noise estimation (an important part)

28

‣ deflection spectra = image of the pinhole.
a disk with a certain radius r and 

height h.

‣ No test object: Physical model of deflection spectrum

‣ Without any object, obtain y 
no with 100% measurements

✏(M) =

q
M + 2

p
M ✏(N)/

p
NFor M < N,

=-
Model spectrum

Numerically 
optimized r and h

sno

Reconstructed 
spectrum

with M = N 

�⇤yno

✏(N) =
2

yno ��M=N

' 5 dB!
(for all M)

✏?
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 7: Reconstruction examples of a spectrum of a 9.99D plano-convex lens: (a)-(c) correspond
to 100% of measurements, (d)-(f) correspond to 3.6% of measurements and (g)-(i) correspond
to 6.1% of measurements. The three columns correspond to synthesis with DWT, synthesis with
UDWT and analysis with UDWT reconstruction modes.
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Figure 8: Output SNR versus number of measurements for all the three reconstruction modes, for
a plano-convex lens of optical powers (a) 9.99D and (b) 60D.
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Reconstruction results with experimental data 
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100% (M/N) 

‣ Lambda-X NIMO system
‣ SLM size of 64   64 (one pixel “k”)⇥

Reminder: input SNR ' 5 dB!

bsk

(9.99D plano-convex lens)
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100% (M/N) 

‣ Lambda-X NIMO system
‣ SLM size of 64   64 (one pixel “k”)⇥

3.6% Synthesis DWT 

Reminder: input SNR ' 5 dB!

bsk
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a plano-convex lens of optical powers (a) 9.99D and (b) 60D.

20

3.6% Analysis UDWT
(similar to synthesis UDWT) 

(9.99D plano-convex lens)
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 7: Reconstruction examples of a spectrum of a 9.99D plano-convex lens: (a)-(c) correspond
to 100% of measurements, (d)-(f) correspond to 3.6% of measurements and (g)-(i) correspond
to 6.1% of measurements. The three columns correspond to synthesis with DWT, synthesis with
UDWT and analysis with UDWT reconstruction modes.
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Reconstruction results with experimental data

31

bsNk :
spectrum 
reconstructed with 
100% measurements.

20 log10

 
kbsNk k2

kbsk � bsNk k2

!
SNR = 

: Compressive sensing reconstructionbsk
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Deflection spectrum and the angles

32

 Each object location        one deflection spectrum

e2

e3

r = f tan ✓

r

x2

x1

Object surface

Spectrum

Object



ELEN Journée thématique conjointe GDR/ISIS et GDR/SoC-SiP

Deflection radius r vs CCD pixel

33

Pixel domain = object surface

r

x2
x1
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Deflection radius r vs CCD pixel

34

Pixel domain = object surface

r

x2
x1

Radial slope
= local dioptric power
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Main deflection without reconstruction? 1/2

35

‣     : 2D Gaussian

with radius    , translated by   .⇢ ⌧

g⇢
⌧

10 20 30 40 50 60

10

20

30

40

50

60

c̄x
k

c̄yk

‣       characterized bybsk b⌧
k

= (c̄x
k

, c̄y
k

)T .

Location of dominant 
deflection.

b⌧k = argmax

⌧
|hbsk, g⇢

⌧ i|.‣ Matched filtering

‣ Can we do something similar in compressive domain?

‣ Efficiently implemented as convolution
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Compressive matched filtering  ➠ Smashed filtering*
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bs
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ut
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er
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r
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)

M/N

Unit pixel error

Lens 1: 10.03D
Lens 2: 60D
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0.8
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1.8

in %

ke⌧k � b⌧kk2
averaged over

several k

e⌧k = argmax

⌧
|h�Tyk, g

⇢
⌧ i|.yk 2 RM ,

M. A. Davenport et al., “Signal processing with compressive measurements,” IEEE J. Sel. T. Sig. Proc., 2010.*

Main deflection without reconstruction? 2/2

Thanks 
to the RIP
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Visualization plot 

37

Plot of each r for CCD pixel:

CS estimation, M/N = 7.63%

Multifocal diffractive IOL: 2 
Dioptric powers 28D and 30.25D
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Visualization plot 

38

Plot of each r for CCD pixel:

CS estimation, M/N = 7.63%

Multifocal diffractive IOL: 2 
Dioptric powers 28D and 30.25D
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Summary and further work

‣ Further...
‣ Detailed noise modeling + calibration + nonlinearities
‣ Multiple-location reconstruction
‣ Consideration of system’s PSF: 

      blind compressive deconvolution

39

‣ A real world instance of compressive sensing in 
action ... and its use

‣ Practical systems pose their own challenges
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Part III:
Optical Deflectometry

(main contributor: Adriana Gonzalez)
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Interest
‣ Optical characterization of (transparent) objects
ODT
‣ Tomographic Imaging Modality
‣ Measures light deviation caused by the difference in 

the object refractive index

Optical Deflectometric Tomography

Interest

Optical characterization of (transparent) objects

ODT

Tomographic Imaging Modality

Measures light deviation caused by the di↵erence in
the object refractive index

Incident

Light 
Rays

p✓

t✓

✓

⌧

Deviat
ed

Light 
Rays

e1

e2

↵(⌧, ✓)

n(r)

7

Optical Deflectometric Tomography
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Optical Deflectometric Tomography
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Optical Deflectometric Tomography

42

Refractive index map
reconstruction !

Tomographic
model

↵(⌧, ✓) ! n(r)
n(r) ! ↵(⌧, ✓)
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Schlieren Deflectometer

SLM
(modulation by    )

Uniform
Light
Source

Lens 1 Lens 2Rotating 
object

↵

(f)

�x

⌧

Intensity
change

I0

�✓

Pinhole

Telecentric
system

Optical axis

�x = f tan ↵

CCD

�⌧

Lens 3

e1

e2

e3

'i

yp

p

sp

yp = hsp, 'i i

8

‣ We use our Schlieren Deflectometer (See Part 2)

How to measure light deflections?

43

Here: hypothesis of single deflection,
One deflection map for each rotation
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Continuous model

44

Continuous facts

Mathematical Model

Eikonal equation
R curved : r(s) ! d

ds

�
n d

ds r(s)
�

= rn

Approximation
small ↵ ! R straight : r · p✓ = ⌧
error < 10%
�(⌧, ✓) = sin(↵)

�(⌧, ✓) = 1
nr

R
R2

�
rn(r) · p✓

�
�(⌧ � r · p✓) d2r

Incident

Light 
Rays

p✓

t✓

✓

⌧

Deviat
ed

Light 
Rays

e1

e2

↵(⌧, ✓)

n(r)

Deflectometric Central Slice Theorem

y(!, ✓) :=
R
R �(⌧, ✓) e�2⇡i⌧!d⌧ = 2⇡i!

nr
bn
�
! p✓

�

bn
�
! p✓

�
: 2-D Fourier transform of bn in Polar grid

13

↵

↵
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Continuous model

45
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Deflectometric Central Slice Theorem:

↵

↵
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Discrete Forward Model

y = 2⇡i(�r)2

nr
diag(!(1), · · · ,!(M)) bn

+
y = DFn+ ⌘

n 2 RN ; Cartesian grid of N = N

2
0 pixels; sampling: �r

y 2 RM ; Polar grid of M = N⌧N✓ pixels; sampling: �⌧ , �✓

D : 2⇡i(�r)2

nr
diag(!(1), · · · , !(M)) 2 CM⇥M

F 2 CM⇥N : Non-equispaced Fourier Transform (NFFT) [4]

⌘ 2 CM : numerical computations, model discretization, model discrepancy,
observation noise

[4] J. Keiner et al. (2009)

14

Discrete Forward Model
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ODT vs. AT

47

ODT vs. AT

y = DFn+ ⌘

Main di↵erence: Operator D

Without noise ⌘ ! classical tomographic model

ỹ = D�1y = Fn

For ⌘ 6= 0 ! Not a classical tomographic model

- ⌘: AWGN ! D�1⌘ not homoscedastic

15
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ODT vs. AT

48

ODT vs. AT

Observation: 1-D FT of sinograms along the ⌧ direction

Absorption
Tomography

Optical
Deflection

Tomography
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Standard Reconstruction Methods

49

Naive Reconstruction Methods

y = �n + ⌘ = DFn + ⌘

Filtered Back Projection
Analytical method

Solution ñFBP:
- Filtering the tomographic projections

AT: ramp filter; ODT: Hilbert filter
- Backprojecting in the spatial domain by angular integration

Minimum Energy Reconstruction

ñME = �†y = �⇤(��⇤)�1y ⌘ ñME = arg min
u2RN

kuk2 s.t. y = �u

Problems:
Noise

Compressiveness ) M(N✓) < N

) ill-posed problem

Solution:
Regularization

17
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Sparsity prior

50

Sparsity prior

Heterogeneous transparent materials with slowly varying
refractive index separated by sharp interfaces

TV and BV promote the perfect “cartoon shape” model

“Sparse” gradient
+

Small Total Variation norm

knkTV := krnk2,1

18
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Other priors

Positive RIM

) n ⌫ 0

The object is completely contained in the image. Pixels in the border
are set to zero in order to guarantee uniqueness of the solution.

) n|�⌦ = 0

SOLUTION UNIQUENESS

19

Other priors

51

(up to an intensity shift)

(no metamaterial here ;-)
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TV-    reconstruction and Noise

52

`2

TV-`2 reconstruction and Noise

y = �n + ⌘ = DFn + ⌘

TV-`2 Reconstruction

ñTV�`2 = arg min
u2RN

kukTV s.t. ky � �uk2  ", u ⌫ 0, u@⌦ = 0

Noise

Observation noise ! �2
obs

Modeling error ! ray tracing with Snell law ⇡ 10%

Interpolation noise ! NFFT error (very small)

20

TV-`2 reconstruction

y = �n + ⌘ = DFn + ⌘

TV-`2 Reconstruction

ñTV�`2 = arg min
u2RN

kukTV s.t. ky � �uk2  ", u ⌫ 0, u@⌦ = 0

ñTV�`2 = arg min
u2RN

kukTV + ıC(�u) + ıP0(u)

Indicator function: ıX (x) = 0 if x 2 X ; +1 otherwise

ıC and ıP0 are the indicator functions into the following convex sets:
- C = {v 2 CM : ky � vk  "}
- P0 = {u 2 RN : ui � 0 if i 2 int ⌦; ui = 0 if i 2 @⌦}

Sum of 3 proper, lower semicontinuous, convex functions

Reconstruction using CP algorithm [5] expanded in a product space

[5] A. Chambolle and T. Pock. Journal of Mathematical Imaging and Vision. (2011)

21

+

[5] A. Chambolle and T. Pock. Journal of Mathematical Imaging and Vision. (2011)
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Synthetic Results

53

Results: TV�`2 vs. ME & FBP

Compressiveness and noise robustness
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Results: TV-`2 vs. ME

No measurement noise (MSNR = 1)

N✓/360 = 25%
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Synthetic Results
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Results: TV-`2 vs. ME

No measurement noise (MSNR = 1)

N✓/360 = 5%
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Synthetic Results
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Experimental Results

Bundle of 10 fibers immersed in an optical fluid

MSNR ⇡ 10dB

N✓ = 60 ) N✓/360 = 17%
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Experimental Results

Bundle of 10 fibers immersed in an optical fluid

MSNR ⇡ 10dB
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Experimental Results

Bundle of 10 fibers immersed in an optical fluid

MSNR ⇡ 10dB
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Experimental Results

Bundle of 10 fibers immersed in an optical fluid

MSNR ⇡ 10dB
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Summary and further work (1/2)

60

‣ Optical Deflectometry Tomography 
                    benefit of sparse regularization!

‣ Robust “Compressiveness” is allowed but ...

‣ NFFT mandatory!

‣ careful noise estimation is needed (not explained here)

‣ non-linearities remain (handled as noise up to now)
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Summary and further work (2/2)

61

‣ Other applications?

‣ Phase-contrast X-ray imaging (deflection     phase change) 

[T. Pfeiffer et al. Nature Physics, 2006]
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Summary and further work (2/2)

62

‣ Other applications?

‣ Phase-contrast X-ray imaging (deflection     phase change) 

‣ Gravitational weak lensing?

[T. Pfeiffer et al. Nature Physics, 2006]

[A. Amara, A. Réfrégier, “Optimal surveys for weak‐lensing 
tomography”, MNRAS, 381(3), 1018-1026.]
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Thank you!
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Further readings

64

• Prasad Sudhakar, Laurent Jacques, Xavier Dubois, Philippe Antoine, Luc Joannes, 
"Compressive Imaging and Characterization of Sparse Light Deflection Maps"
Submitted, arXiv:1406.6425

• A. Gonzalez, L. Jacques, C. De Vleeschouwer, P. Antoine, "Compressive Optical Deflectometric 
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