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ABSTRACT

We study the problem of selecting a subset of sensor nodes in sensor networks in order to maximize the performance
of parameter estimation. To achieve a low-complexity sensor selection algorithm, we propose a greedy iterative algorithm
that allows us to select one sensor node at a time so as to maximize the log-determinant of the inverse of the estimation
error covariance matrix without resort to direct minimization of the estimation error. We apply QR factorization to the
observation matrix in the log-determinant to derive an analytic selection rule which enables a fast selection of the next
node at each iteration. We conduct the extensive experiments to show that the proposed algorithm offers a competitive
performance in terms of estimation performance and complexity as compared with previous sensor selection techniques
and provides a practical solution to the selection problem for various network applications.
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Performance evaluation: Random Gaussian matrix
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Number of sensor node selected

Fig. 1 Performance evaluation of different sensor selection
methods for random Gaussian matrix by varying the
number of selected nodes with SNR=2dB.

Performance evaluation: Random Bernoulli matrix
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Fig. 2 Performance evaluation of different sensor selection
methods for random Bernoulli matrix by varying the
number of selected nodes with SNR=2dB.
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Fig. 4 Performance evaluation of different sensor selection
methods for random Bernoulli matrix by varying the
SNR with 20 selected nodes.
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