SPOQ: A NOVEL SMOOTHED NORM RATIO FOR SPARSE SIGNAL RESTORATION.
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Overview

e Observation model: Restore the unknown sparse signal
x € R" from the observations y € R related to x through:
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sparsity on the solution.
> & > 0: parameter depending on the noise characteristics. |
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XDifficulties: Choice of W?

Proposed approach

Optimization Tools

e Variable-Metric Forward-Backward Algorithm [4, 1]
e Metric based on local Majoration-Minimization

strategy.
I'= New Trust Region VMFEDB Algorithm

Smoothed p-Over-¢g (SPOQ) penalty Properties

X Problem (2) is non-convex.

v/ U presents two properties:
e 3 Lipschitz-differentiable on RY
e Locally majorized by a quadratic function

(vx € RY) U(x) = log ((gg’&(x) i 6]?)1/]?) , (3)
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where p € |0, 2] and g € ]2, +00| and:
Xp € RNa B € N*a 0 E]Oa 1[7 (Vk)kEN 6]072[
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Application
Mass Spectrometry (MS) Simulated data
Physico-chemical analysis: Results
] | Signal A: N = 1000, P = 48 ity d
e A fondamental technology of analytical chemistry. ® st | ’ (spars.1 y degree) P lys /by Los/la 1/t | & Cauchy Welsh
| | | | e Signal B: N = 1000, P = 94 (sparsity degree)
e Used in structural biology, chemistry, pharmaceutical INR |48 46.28 | 41.91 40.91 43.16 | 42.84 | 27.54
analysis, etc. T T T T T T T " T 0.497 0.436 1 0.910)0.654 0.572 0.461
State of the art: o } - 4 4 4 4
e Problem (2) in MS context was solved in 2| using a ol ‘ \L ‘ : o ‘ m ‘ ‘ } ‘ 2 TSNR 48 40.55 |47.71/46.24143.94| 43.53 |29.12
diCtiOﬂary based—strategy. D ‘1(.)0| |2(|)0|} - 4‘100| IJ(I)'(){'G(\)(‘J - ll‘(l)o” |9(|)‘0 1000 D 1(;:)‘ 2(|)0| ‘330 LolJl 500 e(lJIfl) ‘7(;0‘ u‘séll‘ lg(;!)” 1000 ('/%O 0.571 1 1.156 1.660 0.679 0.552  0.501
e 'The dictionary based-strategy aimed at solving o S S e A 49 199 | 365 | {0 {83 | 959
problem (2) using ¢; norm. A _ | P48
X scale biases. i i | m 1.32 1 11.85110.13) 9.46 | 10.57  8.08
I@ SOlve prOblem (2) Wlth the diCtionary based_ 00 100 200 30"0‘le'-.’l7r400l"Ilr 500 600 h lIl7001"."h800 l;al() J l':(‘)OO 00 100 200 300 400 500 600 700 800 900 1000 SNR 94 45.56 42'74 41.31 43'02 42°71 30'99
strategy using propoged b/ g? penalty (with different p Original sparse signals and associated MS spectra 0.538 | 1.200 1 1.298 1.260 1.194 | 0.458
a“j %VV?IEQS) anld.vaﬂous choices of W (£, norm, Cauchy of dataset A (left) and dataset B (right) - 47.26 46.8% 45.11 44.17 43.68 33.39
and Welsh penalties). (top: synthetic signal, bottom: noisy MS spectra) 5 LI5NR 94 0630 | 1
= . 4951 1.654 1.138 0.961 | 0.507
Evaluation criteria 5 log 111 | 216 | 410 | 165 | 952 342
e SNR= 20 log, (|x/|/|x — %] e The associated MS spectra y are built with H being the 9.5/ 1249 11.09 17.41 6.66 11.72

dictionary-based method [2].
o A zero-mean Gaussian noise with standard deviation 1072
1s considered.

e TSNR: SNR computed only on the support of the
sought sparse signal.
e P: Listimated sparsity degree.

Means/stds of SNR, truncated SNR and sparsity level of the
restored signals, computed on 10 noise realizations.

Conclusion & Perspectives
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