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INTRODUCTION

2

Motivation: The data in WBAN prevalently has both spatial and temporal

correlations at the same time. And it will obtain a superior performance when we

consider the structured spatial and temporal correlations jointly by assuming the

spatio-temporal correlated data satisfies simultaneous low-rank and joint-sparse

(L&S) structure.

The proposed method:

 We first formulate our problem and transform it into a block single

measurement problem.

 The structure of the covariance matrix of the L&S data is given.

 The inference problem is split into two steps: Firstly, we get initial values of

hyperparameters. Secondly, we get the optimal reconstructed data.



PROBLEM FORMULATION AND 

SIGNAL MODEL
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Gaussian likelihood:
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PROPOSED ALGORITHM
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Using the Bayes rule, we have the posterior density of ,x
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MAP estimation:
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Using Bayesian strategy
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We first treat x as hidden variables in the EM formulation
proceeding and then maximize
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Based on [9], for the first term in (13) we have
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We refer to this approach as L&S-bSBL algorithm

which is outlined in Algorithm 1.
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SIMULATION EXPERIMENTS
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Fig. 2. (a) MSE vs SNR.
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Fig. 2. (b) MSE vs Rank.
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Fig. 3. (a) MSE vs m.
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Fig. 3. (b) runtime vs m.
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Fig. 4. MSE vs SNR.
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Fig. 4. runtime vs SNR.



CONCLUSION
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In this paper, we studied joint sparse reconstruction of

spatially and temporally correlated data in WBAN,

assuming that the signal matrix satisfies the L&S model.

We proposed an algorithm based L&S structure to recover

data using a bSBL-based algorithm. The proposed

approach presented a better performance than other two

methods through numerical results.
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Thank you 


