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Abstract

Recently, various recording technologies are studied for optical data storage. After standardization of BD (Blu-ray Disc)
and HD-DVD (High-Definition Digital Versatile Disc), the industry is looking for a suitable technology for next generation
optical data storage. Super-RENS (Super-Resolution Near Field Structure) technique, which is capable of compatibility
with other systems, is one of next optical data storage. In this paper, we proposed a neural network-based nonlinear
equalizer (NNEQ) for Super-RENS discs. To mitigate the nonlinear ISI (Inter-Symbol Interference), we applied NARX
(Nonlinear AutoRegressive eXogenous) which is a kind of neural networks. Its validity is tested with the RF signal
samples obtained from a Super-RENS disc. The performance of the proposed equalizer is superior to the one without

equalization and that of the Limit-EQ in terms of BER (Bit Error Rate).
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Fig. 3. Structure of the NARX model.
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Table 2. Various training algorithms.

Aconym | ,
LM Levenberg-Marquardt
BFG BFGS Quasi-Newton
RP Resilient Backpropagation
SCG Scaled Conjugate Gradient
OGB Conjugate Gradient with Powell/Beale
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Table 3. Summary of the disc properties.

Disc BD (Blu-ray)
Recording 'layer - Metal/Si
Diameter 12cm
Cover 0.1mm
Track pitch 320nm
Laser wavelength ' 405nm
Minimum mark: size 150nm
Linear velocity 492m/s
NA 0.35
Dynarnic tester Plustec ODU-1000
Recording . power 9.3mW
Read-out power 1.2mW
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