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P11 K2 ELERGEIEg, ¢, -, g~ 1
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T2 VRS ESE R = 1, VIGLE
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Yo o BROFIN WIER ~,, N T AV B,
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BB  HIEAIREOE B TV ) e R s
FH AR JGE AL FE 2 (AR A /N T A T (1) 1)
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(21)

4 FRERE a4

N R UEA SRR A Rk, € Matlab X A
NENEMEREREAT I . Horh, MR AR M w N
Bk F5KEN =512, ARMNFGE S A
—™ H [7] )3 (autoregression, AR) & i #, A4
ZHir = 0.9. ACEFOCUSS 5% A SBL 5i%
XA E T EE S A SO R FIE AT X B,
PPAN B AL ROR, A T R PO 3 — A3 Uy R
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Kb EMRE R BN RN K DM EE R E 2
5 2R ARE ST R AL B R B BT & A 1) 1S
WRBOE o Ee. FEA R EAR N B S0
BEAT 1000 RS2 45 R I8 A7 B, BT E R TR g
REAEF I0 3 B R /NFIAL B LA B, W75 O v
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15 dB. AR DLE H O B R R MOBOK
TP R E M RO L. ACHEM RS
SBL #ilt, #ftF FOCUSS 5. RAEHET Ny
RE SR VAT B 2 B s T FOCUSS B2, A
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TEARENE S Mo K R A SCE A HAh 5%
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Abstract

As a widely applied model for compressive sensing, the multitask compressive sensing can improve the performance
of the inversion by appropriately exploiting the interrelationships of the tasks. The existing multitask compressive
sensing recovery algorithms only utilize the statistical characteristics of a sparse signal, the structural characteristics of
the sparse signal have not been taken into consideration. A multitask compressive sensing recovery algorithm is proposed
in this paper based on the block sparse Bayesian learning. The block sparse single measurement vector model is applied
to the multi-task problem. Both statistical and block structural characteristics of the sparse signal are used to build
a mathematical model, and the sparse inverse problem is linked to the parameter iteration problems in the Bayesian
framework. The proposed algorithm does not require the sparseness information and noise beforehand, which turns out
to be an effective blind recovery algorithm. Extensive numerical experiments show that the proposed algorithm can

exploit both statistical and structural characteristics of the signal, therefore it may reach a good trade-off between the

recovery accuracy and the convergence rate.
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