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Compressive Sensing and
Information Geometry in Radar

data acquisition

Motivation: INFORMATION-BASED PROCESSING (CS and IG) in Radar

signal and data processing

a1)——> Rx channel 1

a;)—> Rxchannel 2

ay)——>i Rxchannel N

S : : range
O E = L 5 Doppler
! =2 range —> 3
: g E ?|range[—>| Doppler ! - % azimuth
= = : S S elevation
5 s A R e
2 E T AR i
| = © ! iS) Q
: — (¢b) 1 t
: 2 50 ﬁframge > Doppler > X
. > £
| ) . . |
! o] 1

Y .2  matchedfitering ' xyp = Ay

measurements Y = sensing-model A (9) profile X + receiver-noise Z ,z ~ CN (0, yI), i.e. complex Gaussian p(y|0)

Data sizes are growing, e.g. with higher resolution in range, Doppler and angles

large data size & low information density! I:> CS ond IG in radar
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compressive-data acquisition (CDA)

4.

Compressive Sensing and
Information Geometry in Radar

CS foundations
Be CMXN < N
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Rx channel 1

Compressive Sensing:  Radar Performance

v incoherence of A : n(A), RIP or NSP,e.g. low pu(4), n(4) = ,mai(_|a?aj|
L) i#]

v sparsityof x, K =dim(T), K <M < N, T ... true support set

sparse-signal processing (SSP)
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MF-detection-clustering
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s~ 0
§ |1-norm optimization
S | _ : 2
v Xssp = aI'g min lv — Ax||*+ hl|x][4

measurements Y = sensing-model A (0) profile X =+ receiver-noiseZ ,z~CN (0,y])

CS/SSP benefits: higher resolution, multi-target analysis, fewer data/channels, ...

CS/SSP performance in processing gain, detection, resolution and accuracy !
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Compressive Sensing and
Information Geometry in Radar

Information Geometry : Radar Performance

Information Geometry (IG) is stochastic SP where the intrinsic geometrical structure of a data
model is characterized locally by the Fisher information matrix (FIM).

Fisher-Rao metric ds: ds? = d@8'J,d®, where Jg is FIM and d@ infinitesimal change of 0

Information Distance (ID) between pdf-s:
resolution: p(y|0) and p(y|0 + 80) whose 0 differ by a small §0 (of close targets)

detection: p(y|0) and p(y|u(0®)) whose y is without or with signals u(0), w(0)=E[y]
Bayesian variational inferences: true p(0|y) and latente-variational g(0|y, €) posteriors

0000H
accuracy
17

IG: information distances

machine/deep learning
i to be combined with CS-IG:

resolution | - natural gradient most efficient
detection :‘>
Bayesian variational inferences i - Bayesian variational inferences 1

5 THALES
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Compressive Sensing and

Information Geometry in Radar

Nyquist Sampling (NS)

a, )= Rx channel 1 >
a,)=>{ Rx channel 2 >

a, )=>{Rx channel M |-=>

ay)=» Rx channel N (>
Yns

YNs = aa + z

Yaic = B(aa + 2)
Yss = Qgs0 + Zgg
YrMm = Bao+ zpy

SNR after MF, B = B:

_ oH
Amr = A Y

6

Performance Analysis: C Data A
Analog-to-Information Conversion Sparse Sensing (SS) Random Mask (RM)
al)'>__> Rx channel 1 > a;))=»|Rxchannel 1 > aD >|Rx channel 1>
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i MSc project (proposed by R.Pribi¢ and G.Gerini, 2018) |
 Metasurfaces for CS on Radar Array Antenna Systems i

Processing Gain after Matched Filtering of CS data: N 100 ‘//

input

J/SNR,

SNR
S
o

L L I R S S S K CS: Reduced complexity while improving,
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R. Pribié, G. Leus and C. Tzotzadinis, “SNR Analysis of Compressive Data Acquisition”, |EEE Workshop SSP 2018. T /\ L E S
H ()
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Compressive Sensing and Performance Analysis : Sparse-Signal Processing (SSP)

Information Geometry in Radar

Existing (radar) processing Existing SSP theory: xss, = arg mxin Iy — Ax||?>+ h||x||;
point-spread function (PSF) = v/ sensing coherence: low u(4) = _ma§_|a?aj|, la,|l =1
L)i#]

only a few targets in a scene ——> v sparsityof x, K =dim(T),K <M < N, T ... true support set

v’ SSP feasibility for x.sp in an estimated set S: | ussp,n| <1lLnes

matched-filtered residuals —— _ o u
subgradient uggp,, indicates nonzeros: Ugsp = @y (y — Axgsp) /R

Neyman-Pearson detection —— v/ h = NeLrr if Noise only (no targets or p(A)=0)

masking

SSP is sparse model-based detection-driven refinement of MF | ——) resolution

multi-target

Stochastic (Bayesian) SSP radar processing is stochastic, .

Woodward, P. M. (1953) Probability and information theory, with applications to radar, Pergamon.

X ~ sparse()  Ax +7

=Ax+z

Hubert J. Flisijn, Implementation of (Bayesian) CS in Radar Systems. MSc thesis at Thales NL Delft, University of Twente, 2011.

|.Kyriakides and R.Pribi¢ , Bayesian CS using Monte Carlo Methods. Eusipco 2013. T A
HALES
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Compressive Sensing and Multi-target Performance Analysis: SSP Metrics

Information Geometry in Radar

Pfa,SSP: P{|xsspjl| * 0}, [ € T e nonzeroina cell with no target

. 2
detection: Pgy ssp and Py gsp at R4 Py sep= P{|XSSP kl =+ 0}, k € T ie.nonzeroin a cell with a target
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SSP(A 2.0): p.(A"meﬂe) 0.10, 1000 runs, P,al‘GLRT
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=] ¥ : g [ - I . he) : s - o
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a : : : o o
QE, 0.4} = -Pd‘MF.13dB ............................ ué
02+ Vol Pd,MF'19dB
. i Pd,yall1:13dB
. A Pd,yall1:19dB ; : :
0 1 2 3 4 5
# targets SWO # targets SWO0

R Pribi¢ and HL Yap, “False Alarms in Radar Detection within Sparse-signal Processing”, IEEE Workshop CoSeRa 2016.

resolution: Pesssp at AB, SNR and h? Presssp = P{(Xsspi # 0) A (Xspj # 0)}. 0 # j,i,j ET

WIC 2019: TU/e, 25 January, 2019

accuracy: bounds (CRLB) and mean squared error (MSE) at target separation A6, K, SNR, and h?
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Information Geometry in Radar

Compressive Sensing and

data y~CN (aa(0),yI):

Performance Analysis:
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<

R. Pribi¢, “Information-based Analysis of Compressive Data Acquisition”, (accepted) IEEE Radar 2019
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and Multi-target Accuracy

Multi-target y = ae/P% + ae/B%2 + z, 66 = 0,-0,

CRLB([61]> —jo =L Jin J2a - Y/lal? J22 =)z
62 0 K ]1’2 ]2’2 J1,1)22=J1,2)21 _]1,2 ]1,1
da'(8) da(e) 2 (D,; 4 > Dp86 2Dg Dﬁse]
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J2 e{ 30, e, | 127 D;06 502" 2 T 50 573
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0.45 % . '
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0.25 _ 2
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Multi-target CRLB realistic at smaller separations 66
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Compressive Sensing and . . .
I Information Geometry in Radar Performance AnalySIS: Resolution Metrics
data y~CN(u(0),yD): y= ae/B® +z p;= max B, — min By, SNR = |af2/y

= Deterministic: Rayleigh distance 0,.,; X Di (only by array sensing bandwidth Dg)
B

= Stochastic: targets also involved, i.e. their SNR and separation 60

o o 1
[ ] o - - . . _
Estimation approach: 0,..; < D VoNR i.e. best accuracy (CRLB) of estimated single

target parameter 0 with given SNR and array configuration

* Detection approach: P, ., x f(Dﬁ, SNR, 86) = probability of resolving targets at
given SNR and separation 60 with given array configuration

v Novel: Information-geometry (IG) distances for a complete P,...

|G: Information distances between pdf-s: CN(u(6),yI) and CN(u(0 + 60),yI)

R. Pribi¢ and G. Leus, “Information Distances in Radar Resolution Analysis”, IEEE Workshop CAMSAP 2017
R. Pribi¢, “Information Distances in Resolution Analysis”, SEE Workshop GSI 2017
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Compressive Sensing and . . . .
Information Geometry in Radar Performance Analysis: Proposed Stochastic Resolution Analysis (GSI'17 and CAMSAP’17)

Resolution test: Hy: 60 = 0 and Hy: 60 = 0 (Rao, 1945)

Novel: via LR (likelihood ratio) and information distances d gy, dy0)= /SUHJMSH
between CN ((0), yI) and CN (n(6 + 66), yI) which 0 differs by 66 (two close targets)

Ho: y = n(0) + n(0) + z = y,
H:y=u0)+pnO+60)+2z=y,+ 6pn

yInLR = 2Re{[y — 2u(®)]"81} — I8pll* = Sipa, o~ N(dyeoy 1)

v Novel: LR distribution found and linked to information distance du(e)

WIC 2019: TU/e, 25 January, 2019

Presdue = Pléindue > P Hi}, where p=N71(0,1,Pg,)

11 THALES
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Compressive Sensing and

Information Geometry in Radar Stochastic Resolution AnaIySiS.' Information Distances

sin D389/2>

dyoyns = lI8ull/+y = \/DﬁSNR (1 T Tys02 dyue),ss = VM/N dye)ns dyu(e)rRM = dy(e),Ns

Information distance d#

15 Information distance du(e) between CN(y(0),1) and CN(u(6+56),1) i ©) between CN(u(0),1) and CN(u(6+56),1)
. T T T T T . T T T T T
B Rag, i e
e Y Va o W
141 ~ e = 141 o R ]
/Ff S g /.Q' jarte - SOl
12+ /F | 12 /"’ —
4 B S, TN 4
x b / ',X"x" %!.MMM ¥ 1L / I
o X’x fan UCIVIIVSUSSC L s
/ 7 /
Sosf /- : Sost / 1
™ AW 4 o 7 e X e
] /)" @ ,x:‘")"i M"""‘“»-.x,.“, e e
f . / ‘»,- -
0.6 ,-'I /}( ........... d o) ns @nalytical: N/M 1|7 0.6 [- / 36:} ........... d ) ns @nalytical: N/IM 1 1
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60 [27/N] 36 [27/N]

v' Compression at reception (signal only, e.g. random masking, RM) preserves dyu(o),Ns

v' Otherwise, e.g. compression before reception (sparse sensing, SS) harms information distances

R. Pribi¢, “Resolution Analysis of Compressive Data Acquisition”, Workshop CoSeRa 2018 T H l\
\LES
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Compressive Sensing and
Information Geometry in Radar

bounds Preg

Stochastic Resolution Analysis:

Resolution Probability

and Preg ssp = P{(xsspli * 0) A (xssp’j * 0)| Hl} , 1 # J, intwo target cells i and j

Probability of Resolution Pres,“(g) (100runs): 66 1
ool ---Q--- Pres./z,NS' N-/M 1 /'ga :., IQ } |
= @ = Pressspns VM1 / ) ” /
| Prome— Pres o8’ NM 2 ;75 6 f 4
a7 I 9 = Eres.ssp.ss’\;/':ﬂ/ '\: “| § " I@ 4 |
........... e ' 3 i
~06H= 9 =P ssprm NM 2| ¢ '¢ ! .

AN

AN

13

1

0 5
SNR [dB]
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Probability of Resolut

ion ) (100runs): 66 2

Pres,u(é)
T S =

I o W##ﬁ &
0P g M 1 # :," " Vi |
= @ = Pressspns' M1 /'/ ,.": /I o II
........... P o us5: M 2 ¢ IR ¢ 7
= @ = Pressspss’ NM2 ,r'l / ,’ ,I ,' .
........... ng‘ W N/M 2 /' I I
= © = Prossspry VM2 ,¢ 1 ! i

1!
.
-15 - 0

Lower Preg « ss While Pros . p comparable with Preg . s When M < N

R. Pribi¢, “Resolution Analysis of Compressive Data Acquisition”, Workshop CoSeRa 2018

SSP resolution Preg ssp « far (4dB or more with SS) from the bounds given by the IG-based probability Fres y, «

Pres,u and Preg ssp remain stable and realistic at larger separation (as dyg))
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Compressive Sensing and
Information Geometry in Radar

Chernoff-Stein lemma: Pp,q , & exp(—dKL,*), Prg«t Pas

Performance Analysis

1

: Detection

dk1, Kullback-Leibler divergence from p(y|0) to p(y|n(0))

KL divergence fromlCN(O,Il) to CN({a,,I) in ldetectiqn from [CS datla: N 100

1* ; ....................... Peocsncnncand S LT L L T T T T T T T PN -5

0.8 .
...... “"""dKL.NS

% 0.6 - sunaflpenss dKL.SS A
Qj B, || |l $sene di'l RN

©oo04F T T

""'E- .......
02F B i e 1
0 | | | 1 1 1 ! 1 T

Smaller dy, s While dy, »\ preserves dy; s if M < N

Probability of (missed) detection from CS data: N 100

.}
L - |
038 i T
i e ™l -~~~ — ¥ - == Y- - == - -B-Pyss |- __ X
W T
"'A.\ . * P:I RM
ST i F— o e— % P r
T "y % Pyns
0.2+ e ]
------------- -0
0 1 1 1 1 1 1 L 1
1 2 3 4 5 N/M 6 7 8 9 10

Lower Pg ss While P\ preserves Py s if M < N

Higher Ppq ss While Py g ry preserves P s

R. Pribi¢, “Information-based Analysis of Compressive Data Acquisition”, (accepted) IEEE Radar 2019
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Compressive Sensing and

Information Geometry in Radar Further work: SSP Performance

CS/SSP: sensing model A(0) essential in deconvolution but often not fully known in practice, ...

Stochastic Deep Learning P i

, _ _ | refining A(0) from data with known contents
complex-valued Deep Learning combined with <:| | estimating unknowns [ 8] with refined A(0)

the stochastic approach: I1G and Bayesian methods b .
Deep Learning: Y. l _ ENCODER p _| DEcoDer | F {p} f$
autoencoder “| Recurrent DL{F, H,W., b.} - F 4\,
=YWL, y,_1 + b,_ ~ —

Y1 1/’( 1-1Y1-1 l 1) p= }[{y*} Y, = T{p} + Z, p = [a 6]

posteriors [ min, ID [QQ(P.: 1y.), P(PU’J] ]
Stochastic Deep Learning: i A

(Wasserstein) variational 1 S|ENCODER q{W.b}(PE y.) p. DECODER p{w'b}(},* 1Pe) y.
autoencoder . > :
p(E); inference model generative model

R. Pribi¢, “Stochastic Deep Learning in CS Radar ”, submitted to SEE Radar 2019
Thales NL Internship (T. Magalas, INP-ENSEEIHT Toulouse) “ Machine Deep Learning (MDL) with CS and IG”, March-September 2019.

Thales NL Internship (L. Isselin, Univ. Strasbourg) “ Links of MDL with CS and IG”, June-August 2018.
lis THALES
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Compressive Sensing and

Information Geometry in Radar Conclusions and Future Work

CS and IG in information-based (Radar) Processing of complex-Gaussian measurements
- CS/SSP performance illustrated by processing gain, accuracy, resolution and detection, and
- assessed with IG tools for fewer measurements: compression after (AIC), before (SS) and at (RM) reception

The proposed information-based performance analysis of CS: CDA and SSP, shows:
v" completeness of the (radar-) essential performance metrics
close links between CS and IG due to the emphasis on information content in data

v
v’ clear preference to compression at reception (signal only!), e.g. with random masking (RM)
v otherwise, with SS or AIC, radar performance heavily sacrificed

v

close ties between detection, accuracy and resolution (at small separations)

Further work
demonstrator of RM in a metasurface antenna array (together with prof. G. Gerini at TU/e and TNO)

information-based analysis of CS/SSP performance with multiple parameters and multiple targets

stochastic deep learning for more accurate knowledge of sensing models

>
>
» analysis in continuous domain to determine the reference before any discretisation
>
>

implementation of CS in an actual radar system: CDA together with SSP in a ThalesNL radar system!

-
i Huestions? THALES
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