Sensor position estimation

I. INTRODUCTION

Based on field reconstruction [1], the problem formulated to
predict the position of the sensors has been described.

II. PROBLEM FORMULATION

Riemann approximation of the Fourier coefficients with the
noise corrupted sample values,

III. COMPLETE SOLUTION WITHOUT ASSUMPTIONS

The original problem in 4 had each variable bounded by the
other variables, restated here for convenience,
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The above inequalities can be recast as,
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IV. REFORMULATION

Rewriting the optimization problem in (??) in terms of the

Rewriting in a compact form
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independent variables. As is defined in (5), we can equivalently
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where L is a lower triangular matrix of size MxM.

VI. RESULTS FOR LOWER SAMPLES

Each simulation was run 20 times. Expression for the error
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P averaged over 20 simulations. The following results are for
noiseless case.
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The following results are for the noisy case.
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VII. RESULTS USING NN

A neural network was implemented as the problem was treated

as a nonlinear regression problem. The neural network was
trained with the magnitude of the field as input and the sampling
locations as output from the data generated by three different
distributions and varying SNR (noiseless, 5, 10 and 20dB).
The neural network was made up of 3 hidden layers and the
input and output layers.Other parameters were varied to land up
at the best result and they have been mentioned in the caption.The
reconstruction results are presented below.
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Fig. 12: Noiseless, Reconeror:1.9%, batchsize:10, epoch:50,

N:100,60,60
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Fig. 13: Noiseless, Reconeror:2.4%, batchsize:10, epoch:50,
N:60,100,100

Field

—s—Recon
—Orig

0.5

9% 02 04 06 08 1
Fig. 14: Noisy, Reconeror:8.4%, batchsize:10, epoch:50,
N:60,100,100
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Fig. 15: Noisy, Reconeror:8.2%, batchsize:100, epoch:50,

N:100,60,60
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Fig. 16: Noisy, Reconeror:8.12%, batchsize:1000, epoch:500,
N:120,200,200

Field

0.8

0.6

0.4

0.2

0

-0.2

0.4
0 0.2 0.4 0.6 0.8 1

Fig. 17: Noisy, Reconeror:8.05%, batchsize:1000, epoch:500,
N:120,200,200,testsize=0.1
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