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Performance of Image Reconstruction Techniques for Efficient
Multimedia Transmission of Multi-Copter

Yu Min Hwang*, Sun Yui Lee’, Sang Woon Lee , and Jin Young Kim'

B =Fo e Feldyr|el wg HE|FEZ o] 43 Full-HDF o4 312 9] olux& g&4 o7 A%aty] Y3 onx| b=
AA 78S 4838}, Sparse 2139 874 B98 8] Turbo ¢1g]E3} Markov chain Monte Carlo (MCMC) &alz]&¢] 29
s ROAFEES S Bl AT AltE B 71U g5 Aol lnlste] doly &5 Folal w21 OF gl 4
AT B FAS FAUCh v onA| Bl wo]ddS 2183 A ¥} Loopy belief propagationBP) 7]%Fe] Turbo £ il

o] Gibbs sampling”7|{t €312]5S $83H= MCMC ¢a2g]5 Bk Hat 59 A2k AIZE NMSE #hell Al $-4=s51e] B} §&%

e

4 o R AdEn

Key Words : Compressed Sensing(CS), Turbo Reconstruction, Markov chain Monte Carlo (MCMC), Normalized Mean
Squared Error(NMSE), Multi-Copter.

ABSTRACT . .

This paper considers two reconstruction schemes of structured-sparse signals, turbo inference and Markov chain Monte Carlo
(MCMC) inference, in compressed sensing(CS) technique that is recently getting an important issue for an efficient video
wireless transmission system using multi-copter as an unmanned aerial vehicle. Proposed reconstruction algorithms are setting
importance on reduction of image data sizes, fast reconstruction speed and errorless reconstruction. As a result of
experimentation with twenty kinds of images, we can find turbo reconstruction algorithm based on loopy belief
propagation(BP) has more excellent performances than MCMC algorithm based on Gibbs sampling as aspects of average

reconstruction computation time, normalized mean squared error(NMSE) values.
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