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Interferometric imaging

Astronomical radio sources

Aperture Synthesis Optical Interferometry

in Radio—Astronomy
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Planar approximation

By (dht) (e.g., material surface imaging)

and maybe soon ...
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Inversion
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FOUf‘Tef‘ Tranﬁform |ﬂt€f‘fef‘0metf‘g (in biolo gical imaging)

Biological Sample | | FTI device

Fixed mirror

Michelson interferometer

(combined with magnifying input optics)

El (Q37 t)

Moving mirror

Light source

H l Er(gs,q5;t)
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E(q?), t) —_— f E’O(V)ez(%r%l/ wt) dv Tmage at fixed optical ensor 2
path difference (OPD) Measure |ET|

2D Imaging

A. A. Michelson
1852-1931




Fourier Transform Interferometry coogical magng

Biological Sample | . . | FTI device
Fixed mirror Michelson interferometer
e (combined with magnifying input optics)
€2
|L. es Er(gs.?) (OPD domain)
T Moving mirror
Light source —
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Fourier Transform Interferometry

» FTl discrete sensing model
(essentially, I-D Fourier sensing at Nyquist, on each pixel)

observations

Y
v

Interferometric signals

Ng X Nsp

1D Fourier

noise

= FX + N
v N

HS volume

Ngp pixels

No spatial mixing!

N¢ bands



Fourier Transform Interferometry
» (Classical reconstruction: Fourier inversion X = F~'Y

higher spectral resolution

. e related to OPD discretization: O(100-1000) bands!
longer acquisition :> { ( ” ( ) )

X more photo-bleaching
Light source

(e.g., laser)

Dye (fluorophore)



Fourier Transform Interferometry
» (Classical reconstruction: Fourier inversion X = F~'Y

higher spectral resolution

lated to OPD discretization: O(100-1000) bands!
longer acquisition :>{ (related to iseretization: Of ) bands!)

X more photo-bleaching

» Solution: OPD subsampling

S A LA : :

= © 4 (access to higher resolution)

. .

S ks

5 Valid acquisition Photo-bleaching .5 Valid acquisition Photo-bleaching
-+ -+

s £

55 < —t—— \:f —t—— f ES < —t — — t P 5

~—
Exposure budget g max Exposure budget 5 max

> How? Using compressive sensing theory



Compressive FTI

Two possible system modifications

Coded Mumination (CI-FTT):

Biological Sample

M¢ < N¢ OPD slots

=l > FTI device: >

intensity

Coded intensity

Number of measurements = M¢ N,

Structured Illumination (SI-F'TT):

Coded aperture Biological Sample

L f/ﬂ !
'du' l

i
@8 > 'TI device : > === “wrhl

o,
ik

oy

M < N := Ng, N¢ unmasked pixels
— number of measurements



Compressive FTI
Total intensity

Two possible intensity modes

19 conotant
Coded Hlumination (CI-FTI): d\
N\ A A
Z = il
§ 22 = Ne|mp §
Structured Illumination (SI-FTT): Constant By = M| E'|?
E|? f =

’E’|2 _ Negj\f/[\fsp |E’2
Input intensity

19 constant .



Uniform Density Sampling (UDS) in CS

< ReConStruction in CS the()ry: (use the restricted isometry property — RIP)

If A c CM*N is RIP(§ < V2 — 1,%0k), i.e., ||Az||? ~s ||z||? for all x € Tk,
Then, for y = Ax 4+ n, ||n|| <e and & = argmin,, ||ul|; s.t. [|[Au — yl|| <,

|z — 2] = O(K™?|| — 2| + ).

Combines both
the sensing matrix
and the sparsity basis

y=® (V)= Ax

11



Uniform Density Sampling (UDS) in CS

< ReConStrU_Ction in CS the()j['y: (use the restricted isometry property — RIP)

If A c CM*N is RIP(§ < V2 — 1,%0k), i.e., ||Az||? ~s ||z||? for all x € Tk,
Then, for y = Ax 4+ n, ||n|| < e and & = argming, ||ul|; s.t. [|[Au — yl|| <€,

|z — 2] = O(K™?|| — 2| + ).

»  Partial random ONDB sensing: UDS Fourier  Wavelet
e.g., [+ EEEME TT]

A:\/%RQU*\IJECMXN 1

Wlth U, ) ONB’ Q — {917 c .. 7QM}7 Q’L ~iid Z/{({l7 L 7]\[}) (sampling without

replacement)
w.h.p.
RIP? M= 22Kn’(K)n(N) = A is RIP(6, )

|Candés, Romberg, Rauhut, Foucart, ...]
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Uniform Density Sampling (UDS) in CS

< ReConStrU_Ction in CS the()j['y: (use the restricted isometry property — RIP)

If A c CM*N is RIP(§ < V2 — 1,%0k), i.e., ||Az||? ~s ||z||? for all x € Tk,
Then, for y = Ax 4+ n, ||n|| < e and & = argming, ||ul|; s.t. [|[Au — yl|| <€,

|z — 2] = O(K™?|| — 2| + ).

»  Partial random ONDB sensing: UDS Fourier  Wavelet

A:\/%RQU*\IJECMXN 1

Wlth U, ) ONB’ Q — {917 c .. 7QM}7 Q’L ~iid Z/{({l7 L 7]\[}) (sampling without

replacement)
w.h.p.
RIP? M= 22Kn’(K)n(N) = A is RIP(6, )

|Candés, Romberg, Rauhut, Foucart, ...]
»lesve: = p(U*P) .= vV Nmax;,; |(U¥);;| ~ N for Fourier/Wavelet

= M >CN! Ng compressive FT| 1?
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Variable Density Sampling (VDS) in CS

»  VDS: A=RoU*W c CMxN
VDS ‘/ F\(ll)urie \ Wavelet
€.qg., [. I ::_'-:_'.'I. M —w

p(i)

(sampling without

P(B=1i)=p(i), ic€{l,---,N}). replacement)
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Variable Density Sampling (VDS) in CS

>

VDS: A= Rg U*P € CMXN
VDS / F\(L)urier\ Wavslet_

I'r

with U, ¥ ONB, Q ={Qq,---,Qn}, Q; ~iiq B, with compting sithont
P(8 =) =p(i), i€{l N} roemen
RIP? [Kramer & Ward, 14] local coherence
(K1, ,6n) ", with k; > p; = u;(UW) := v/ N max; |(U*®),,],
if p(i) o< k7 (with >, p(i) = 1), then

M > C§?||k|]?K In®(K) In(N)

Given K =

=" —=DA is RIP(5, %))

. Y 1 1
with D = diag (/550 v/ o)) 50, new game:

(note: in avg, D accounts for multiplicities) ’2 |

reduce ||k|
15



Variable Density Sampling (VDY) in CS

» Reconstruction in VDS?

sensing

Assuming y = RoU "« + n with H\/LMDnH < €, and

T = argmin, || W ul/; s.t. HﬁD(RQU*u —y)|| < e

sensing

If ——DA is RIP( < 1/3, ¥s5,), then
|z — || = O(k~/?| ¥z — (T"z)k|1 + ¢)

5

(& special care for noise power estimation)
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Instantiation on Compressive FTI  (theory)

Coded Mlumination (CI-FTT):

Sparsity model: Nep

(locally) K¢-sparse
in Wqip (wavelet)

Sensing model:

Fie 0 -~ 0]
-
0 0 F;.

intensity

Structured Hlumination (SI-FTT):

Sparsity model: Nep

Ne¢

(globally) K-sparse
in ¥1p ® ¥ap

(wavelet x wavelet)

Sensing model:

F, 0 - 0 ]

0 O Fo.
= unz —>
= — —> ()

17



Instantiation on Compressive FTI
Coded Mlumination (CI-FTT):

Sparsity model:

(locally) K¢-sparse
in Wqip (wavelet)

Sensing model:

Fe 0 0
=7 Foo O
0 0 Q¢ -
) = C'min(1, —
p(]) ( Y |.7_%N£|)
Coding distribution
- PE=£0)=2()
| T ..... T ...... P g 3
0

(theory)

Structured Hlumination (SI-FTT):

Sparsity model:

(globally) K-sparse
in ¥1p ® Yap

(wavelet x wavelet)

Sensing model:

F, 0 - 0

X
1

’Nspljs—%Nsl)

p(]fa]:ﬁa]y) = (C'min (1

Coding distribution
PI(¢, q) = (£(1),q(4))]

(*) By bounding

the local coherence Ld TlTr'v'ﬂ‘ ______ .
(with Fourier/Haar) R e

;q = (Qb q2)

18



Instantiation on Compressive FTI  (theory)
Coded Mlumination (CI-FTT): Structured [llumination (SI-F'TT):

Sparsity model: Nep Sparsity model: Nep

X = (1, ,an,)
x = vec(X) Ne

(vectorized model)
(locally) K¢-sparse y=Pxr+n

(globally) K-sparse

- in ¥1p ® ¥ap

n Wip (wavelet) (wavelet x wavelet)

Reconstruction: Reconstruction: o

On each pixel 7 € [Ng,|, solve: . :
; i [II\;IPL || N & = argmin, ey [[(¥2p ® Pip) ' u
Ir; — argmin N DU noise per pixe 1
J :ERlﬁ - - . S.t. \/—M“D(y — <I>’LL)H < €
5.b. \/—MH (y; — Foeu)| < V/Nop
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Instantiation on Compressive FTI  (theory)
Coded Mlumination (CI-FTT): Structured [llumination (SI-F'TT):

Sparsity model: Nep Sparsity model: Nep

X o ("Blj... 7$Nsp>

x = vec(X) Ne

(vectorized model)

(locally) K¢-sparse y=Pxr+n
in Wqip (wavelet)

(globally) K-sparse
in ¥1p ® ¥ap

(wavelet x wavelet)

Reconstruction: Reconstruction: o

On each pixel j € [Ngp], solve:

rj = . ||\I’ || noise per pixel T = argminuERN H(\IIQD & \IllD)TuH
T e DT s.t. Dy — @u)|| <
st 7Dy, — Foeu)| < \/;\Tp
Error: (&) Eccor: \—/
If Me > K¢In®(K¢)In?(Ng), then, w.h.p., If M > Ny, K In®(K)In(N)?, then, w.h.p.,
|z —2z| = |z — & =
(KM Z | Tha; — (Tlha))i ) +e) O(K 2@ e — (¥ @)kl +€)

20



Numerical Simulations

Synthetic Data:

Reconstruction quality:

30

\ \
(a) CI-FTI
25 |

20
15|

10 |

RSNR (dB)

Minimum energy
(aka FBP)

01 0.2 0.3 04 0.5 0.6 0.7 0.8 09 1
Measurement ratio (M /Nys)

30

X
Intensity

1001

— R-PE (R—ph‘ycoerythrin)i
Acridine orange
— TetraSpeck blue dye

64

128 196 256
Wavenumber index (1)

20 [

RSNR (dB)

10 |

20 |

15

\ \
(b) SI-FTI

Minimum energy
(aka FBP)

01 02 03 04 05 06 07 08 09 1
Measurement ratio (M /Nys)

=t ME, Uncon. Exp.

- 4+= ME, Con.

Exp.
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Numerical Simulations

Synthetic Data:

30

25

20

15

RSNR (dB)

10

—3— CS, Uncon. Exp., ¥ =
CS, Con.

-*-

RSNR (dB)

Minimum energy |
(aka FBP)

01 0.2 0.3 04 0.5 06 0.7 0.8 09 1

Measurement ratio (M /Nyg)

In, @ ¥1p

Exp., ¥ = INp R ¥1ip - ©- CS, Con.

30

25

20

15

10

—_—— CS, Uncon. Exp., ¥ =
Exp., ¥

100f ‘ ‘ :
— R-PE (R-phycoerythrin)
. Acridine orange
= — TetraSpeck blue dye
* £
=
0
1 64 128 196 256
Wavenumber index (1)
\ \ \ \ \ \ \ \
(b) SLFTI g --©"""®~"0O--0--6-_o __|

Minimum energy

(aka FBP)

01 02 03 04 05 06 07 08 09 1
Measurement ratio (M /Nys)

Yop @ ¥1p
Yop ® ¥1p

- 4+= ME, Con.

=t ME, Uncon. Exp.
Exp.
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Real experiments with constrained intensity

: Nyquist
Setup:
P observations
Biological sample FTI device
100 =41l (Llly the Val].ey) LAMBDA_
700 1|
Intensity (mA) 7 sets
+ subsampling to simulate CI-FTI
00 4 o Subsampled datasets
= @
(cheating = o
= 8
Qa bit) é ——> Same intensity budget
o
100 ¥
: : >
0.8 0.9 1 ]\4£ / N«S

23



Real experiments w

ith constrained intensity

15 " |
14| 3@&“**% T ey : -
+ ++
@)

13 |- ﬁw ®? & .. +, ]
Eé 12| o0 (s
e 11 ©® :
% 10| @ :
= ol o Iet = 100 mA |

+ lpef — 200 mA
8 P2 N
| | |
0.1 0.2 0.3 0.4

Effective measurement ratio (

(a) 700 mA, 100 % -
Ground truth

(b) Pl: 700 mA,

8 %

RSNR = 12.93 dB

Meﬂ”/NE)

Staircasing

/ due to Haar

Improvements are
possible with other
sparsity basis

(c) P2: 100 mA; 32 %
RSNR = 7.86 dB

(a) et = 100 mA |
— Ground truth
—— P': Mg/Ne = 0.08
—— P?: M.g/Ne = 0.34

,. N
Wavenumber index (1)

(b) Itet = 200 mA |
—— Ground truth

—— P3: M.g/Ne = 0.14
—— P* M.g/Ne = 0.35

300 500

A}ISUDIUL POZI[RULION]



‘Single—pixelization” of FTI



ConteXxt:

Single Pixel Camera Lensless Endoscope

Osverved image

(racler sCan)

Low-cost. fas!, sersiive \

optical detection ) |
i
I e

\ Xty

________\1/ j Compressed. encoded

IMage data sent via RF
OMO for reconstruction

IMmage encoded by DMD
and random bass

> Peflected and
cofeciond gt

(becdogra )
wample

Hghighted port

Multhcore cptcal iber [5. STVGnKUttg et al., \|8]
e [S. Guérit et al., 18]

Compressive fluorescence microscopy

-(H.l laser
objective

diffuser

[V. Studer et al, ‘2]

L}
¢ il l =
- | |
—_— » . te -
— : - (XS
1}
| ————
f1 f2 f3



This part
» “single—pixelization” of FTI!

FTI device

Fixed mirror Michelson interferometer

— o e o o o e o o o e e o

—_— —_— Magni fyin o —_— _ Moving mirror
: ; optical sensor S : BS
S —— — (e.g., confocal > > : §
e —_— microscope) / —>— [ —>— ) L
| SIax
Light source Biological Sample X R ,
(e.g., laser) . .
Structured Collimating [ Single pixel sensor
lllumination Optics
(5LM)
Interest? Bring HS imaging to single—pixel imaging!
Contributions:

® Focus on variable density sampling (VDS) strate gies
& reconstruction guarantees of such schemes [Krahmer, Ward, 1]

® Analysis of Hadamard-Haar sensing/sparsity systems
o Numerical confirmations of boosted image qualities

27



This part
»  “sin gle—pixelization“ of FTI!

FTI device

Fixed mirror Michelson interferometer

— o e o o o e o o o e e o

—_— —_— —_— M agnifyin o —_— —_— Moving mirror
E E optical sensor BS
—_— _— —_— —| | —>— ¢
— — —>— |\ (e.g., confocal > > | <
- — —>— \umicroscope) / —>— [ —>— ) L
. 1 »IIax
Light source Biological Sample X N ,

(e.g., laser) | |
Structured Collimating |:| Single pixel sensor
lllumination Optics

(5LM)

Sensing & sparsity models?

28



OPD sensin 9 basis:
I-D DFT (imposed by Optics) Pgp € CNe*Ne

This part

v “sin gle—pixelization“ of FTI!

FTI device

Michelson interferometer

N, pixels

Moving mirror

Magnifying
optical sensor
(e.g., confocal
microscope)

BS

Yo

— o e o o o e o e o e e o L

i
4884

<@

—_—
—_—
——
—_—
—_—

4884
884

sInax

Light source Biological Sample

(e.g., laser) | |
Structured Collimating |:| Single pixel sensor
lllumination Optics

(5LM)

Sparsity basis:
Spatial sensing basis: 2-D isotropic X I-D Haar wavelets

) Np XNy
2-D Hadamard P,q € { + m}

with ®paq = B9, ® B9, | .
. . < -D: i
2-D: ([ ®|' 7D®D7”®“7“'>

scale by scale product Ry
(UP to a normalization) (with 3 flavors at each scale) AiD D

H

. * 1d -
1.€., » Winw X Yanw 1S sparse

binary patterns

29



This part

» “single—pixelization” of FTI!
Fourier

The [*" observation = (lf)h spatial pattern, lgh OPD) FTT device

Fixed mirror Michelson interferometer

|
|
|
lth I
0 6 B ==
I
I
I
|

Magnifying
BS H H ¢

optical sensor
(e.g., confocal
microscope)

884
a884
N

Light source Biological Sample

(e.g., laser) . .
Structured Collimating Yi [] single pixel sensor
lllumination Optics

(5LM)
Hadamard
Pro jections due to __

J = R{lg} (I)dft X (I)had R{l } + Ny
collimating optics / noise
& mirror position Reﬁ't‘"'ctt'o“ proj. on the [¢" proj. on the It

operator column of ® 4 column of ®y.4

s y=RogP x+n

30



This part

» “single—pixelization” of FTI!
Fourier
The I*" observation = (/5" spatial pattern, I OPD) (™77 """ " wridevice

Fixed mirror Michelson interferometer

— o e o o o e o o o e e o

—_— —_— —_— Magnifying —_— —_— Moving mirror
> > > optical sensor | | BS
—> —> —>— : e > >— ¢
S ——— — —>— \ (e.g., confoca > > | <
= —>— —_— —>— \ microscope) / —>— | —>— I AT
I X
I

Light source

(e.g., laser) . .
Structured Collimating Yi [] single pixel sensor
lllumination Optics

(5LM)
Hadamard
Pro jections due to — * I
collimating optice noise
& mirror position Reﬁ't‘"‘ctt“’“ proj. on the [¢" proj. on the [t
operator column of ® 44 column of ®},.4

Question: minimal number
of measurements (ie., light intensity)?

= Y = RQ‘/(I)*CB—I—TL

DPpoq @ Py 3l




Variable Density Sampling (VDS) in CS

(from the first part, we know that ...)

»  Crucial question: estimate the local coherence of

g‘ ?7?

Al

Hadamard Haar

32



Close encounters of the binary kind ....

»  Exploit recurrent H&H design in I-D, i.e,,

for Hadamard:

=
2

S sk Sk

for Haar:
(W: wavelet, A: approx.)

" N—
>3

By ordering i & j
by their levels,
T
gets a
fractal structure!

2,]

row index (k)

Hy®[ 1], Hy ®[_j]|,

Wy| 1|, In®[_1]
2 : 2 L4

W%@ %:,I%@)- i

1

2

3

4

5

6

7

3 |

1 1]
1 2 3 4 5 6 7 8
column index (I)
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Close encounters of the binary kind ....

»  Exploit recurrent H&H design in I-D, i.e,,

for Hadamard: HN:\%:H%Q@[ ', Hyo[ 11|, Hi=[1
for Haar: Wy = %5 Wax® %:, Iy ® :—i:

g . T Wai=A4, =]
(W: wavelet, A: approx.) | Ay = NG _W% D 1 Ix®|

» Coherence factors with Kronecker product, i.e.,

i (P7) = pu (@5 W) - 111, (Bhraq Padnw)

1d
Prad @ Par Wanw @ gy < |z%| [Krahmer, Ward, 4]

and 1, (P qPanw) < 27 [logy (max(ls,ly)=1)]  [Moshtaghpour et al., 19]

with: [ = (l¢g, 1) = (l§7 (la;7ly))
v

2-D Hadamard “frequencies”



Close encounters of the binary kind ....

»  Exploit recurrent H&H design in I-D, i.e,,

for Hadamard: HN:\%:H%@@[ ', Hyo[ 11|, Hi=[1
for Haar: Wy=ypWyel ] Iyol

1| 17 C 1 WasAr=11
(W: wavelet, A: approx.) | Ay = NG _W% D 1 Ix®|

» Coherence factors with Kronecker product
»  Combining everything: select patterns with pmf

p(l) = p(le, las ly) o< |le| ™" [max(ly, 1)

Had.
freq.

35



Close encounters of the binary kind ....

»  Exploit recurrent H&H design in I-D, i.e,,

for Hadamard: HN:\%:H%Q@[ ', Hyo[ 11|, Hi=[1
for Haar: WN:% Wy %:71%@):—%:

ol 17 111 Wi=A4,=[1]
(W: wavelet, A: approx.) | Any = E_W% Q| 1] I% Q| 1]

» Coherence factors with Kronecker product
»  Combining everything: select patterns with pmf

p(l) = p(le, las ly) o< |le| ™" [max(ly, 1)

»  Sample complexity for K-sparse HS volume:
M > ¢ K log(Ne¢) log(Nyp) log(n)

36



Numerical Simulations

»  Synthetic HS volume: (Ve w,) = (512,64)

3 maps from database [Ruusuvuori et al, 08]

known spectra of 3 fluorochromes

Intensity

()

1001

— R-PE (R—phy‘coerythrin)i
Acridine orange
— TetraSpeck blue dye

—_

64 128 196 256
Wavenumber index (I,,)
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Numerical Simulations

»  Synthetic HS volume: (Ve w,) = (512,64)

3 maps from database [Ruuvsuvuori et al, 08]  known spectra of 3 fluorochromes
1001

— R-PE (R—phy‘coerythrin)i
Acridine orange
— TetraSpeck blue dye

Intensity

()
—_

64 128 196 256
Wavenumber index (I,,)

» Measurements obtained with I-pix FT| model + noise

30

RSNR = 20.21 dB

25

20

15

(b) ME rec., RSNR = 9.89 dB

RSNR (dB)

10

; (b) —— SNR = 20 dB
517 ——SNR =15dB |
SNR = 10 dB

\ \ \ \ \ \ \ \ \
0.1 02 03 04 0.5 06 0.7 08 09 1
Measurement ratio (M /Nys)
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Numerical Simulations

»  Synthetic HS volume: (Ve w,) = (512,64)

3 maps from database [Ruusuvuori et al, 08]

known spectra of 3 fluorochromes

1001

Intensity

()

— R-PE (R—phy‘coerythrin)i

Acridine orange

— TetraSpeck blue dye

—_

64 128 196
Wavenumber index (I,,)

256

» Measurements obtained with I-pix FT| model + noise

30

25

20

15

RSNR (dB)

10

s (b) —— SNR = 20 dB
-, —— SNR = 15 dB
SNR = 10 dB

\ \ \ \ \ \ \ \ \
0.1 02 0.3 04 0.5 06 0.7 08 0.9
Measurement ratio (M /Nys)

Normalized intensity

spectrulﬁn at pixel (32,32)

—Ground truth
—(CS rec.
--ME rec.

T o 18

\
’ -—— N
L, N ~oL” N .=
T

Wavenumber index (1)

~ 956
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Conclusions and perspectives

>

FTlis another modality where VDS/CS helps

New answers to constrained intensity sensing
and new possibility to limit, e.g., photobleaching.

Promising usefulness of single—pixel FTI
with Hadamard illumination patterns + Haar sparsity basis

Run th?‘b on an aCtual 66tup? (for multi-pixel FTI [Moshtaghpour et al., 19])
Gain for biological factor of merit (e.g, ignt exposure) ?

Hadamard with other wavelet bases?
ls there generalized recurrent relations?

(connection with bases constructions in quantum physics)

Extension to Multilevel Density Sampling radcoc et o, 17

(very recent work on this in [Adcock et al., 19])
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Thank you for your attention!
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Variable Density Sampling (VDY) in CS

» Reconstruction in VDS?

sensing

Assuming y = RoU "« + n with H\/LMDnH < €, and

r = argmin, || u||; s.t. HﬁD(RQU*u —y)|| <e

sensing

Interpretation ot D :

Q5 # “®” = Binomial r.v. (M trials)

{23 (240

[
N\
\ replacement,)
\

\ 7/

Y 'Ng' ¢

M}| = Mp(3)
D2 = (E{Q=7:1<i< M}

E{Q; =3:1<i<
= a7

= D accounts for the multiplicities of selected OPDs!

(sampling without



Numerical Simulations

(a) CI-FT1

RSNR (dB)

01 02 03 04 05 06 07 08 09 1

Measurement ratio (M /Ny)
e U5, Uncon. Exp., ¥ Iy 2%, — 5, 0

- w= CS,Con. Exp, ¥ =lIy 8¥p = @= CS, Con

(a) CS, CI-FTI RSNR = 12.1 dB

(b) CS, CI-FTI Uncon. Exp. RSNR = 9.11 dB

RSNR = 4.61 dB

(c) ME, CI-FTI

Con. Exp.

(b) SI-FTI er@"0--O-cp...g..

P
(d)®
’
,

RSNR (dB)

01 02 03 04 05 06 07 08 09 1

Measurement ratio (M /Ny)
0. Exp., ¥ = 90 ¥, —t— ME, Uncca. Exg
Exp., ¥ = ¥ap ® ¥ip - #= ME. Con, Exg

(d) CS, SI-FTI Con. Exp.

(32,32)

=— Fig. 8(b)

(e) CS, SI-FTI Uncon. Exp.

(f) ME, SI-FTI Con. Exp.

RSNR = 24.8 dB

RSNR = 20.5 dB

RSNR = 5.05 dB
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Numerical Simulations

(a) CI-FT1

100

=~ - oo
- - -

Normalized Intensity
DO
-

RSNR (dB)

e 8. Uncon

“wme OS5 Con

01 02 03 04 05 06 07 08 09 1
Measurement ratio (M /Ny,)

Exp, ¥ wmly 2%

Exp., ¥ Iy, ®¥,n -9« OS5, Cn

RSNR (dB)

. Exp., ¢ Yio®2Vn
Exp, ¥ w0 @V,

(b) SI-FTI

.
§ \ o'
l(l' ‘e

v

01 02 03 04 05 06 07 08 09

o

c@e B O nugug. .

Measurement ratio (M /N),)
con. Exp

— ME, Uncc
- 4= ME, Con Exg

Spectra on a single point

Ground truth
—— CS, Con. Exp.
= == CS, Uncon. Exp.
- - - ME, Con. Exp.

L
79 96

Wavenumber index (1)

100

=~ - oo
- - -

Normalized Intensity
DO
-}

1

(b) SI-FTI

Ground truth
—— CS, Con. Exp.
= == CS, Uncon. Exp.
- - = ME, Con. Exp.

Wavenumber index (1)
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Variable Density Sampling (VDY) in CS

» Reconstruction in VDS?

sensing

Assuming y = RoU "« + n with H\/LMDnH < €, and

T = argmin, || W ul/; s.t. HﬁD(RQU*’U, —y)|| < e

sensing

If DA is RIP(§ < 1/3,35;), then
|z — || = O(k~/?| ¥z — (T"z)k|1 + ¢)

5

> Noise estimation? (e.g., assuming n; ~ij.a. N(0,07))
o Standard (e.g., UDS):
Estimator of % > ||n||? = Y., n?, e.g., n* = O(0?M + co?vVM) whp.
© VDS, beware of D
X Dn|? < €2 =0(c*M + co?>VM(1+ pln M))

with p = p(p), ¢.e., p =0 for UDS, p = O(In N) for p(i) o< 1/]7|.
\/

e.g., for Fourier/Haar
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