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Neural Network Speech Watermarking Method Based on Short-Term
Energy and Least Relative Mean Square Error Criterion

Hao Huan', Chen Liang', Zhang Yipeng®
(1. College of Communications Engineering, PLA University of Science & Technology, Nanjing, 210007, China;
2. Operational Experiment Center, Nanjing Artillery Academy, Nanjing, 211132, China)

Abstract: In order to overcome the weakness of least mean square error (LMS) and the recur-
sive least squares(RLS), a new neural network speech watermarking method based on short-
term energy and least relative mean square error(LRMS) is proposed. Firstly, a synchroniza-
tion sequence is embedded into the first frame of the speech. In addition, the short-term energy
of each frame is calculated and discrete wavelet transform(DWT) is performed for the speech
frame larger than the threshold. Finally, the watermark is embedded and extracted via the
trained LRMS based neural network. The balance of the watermarking capacity and robustness
is achieved by setting a reasonable short-term energy threshold and the network converges fast
by Levenberg-Marguardt (LM) algorithm. The theoretical analysis and the experimental re-
sults show that, compared with reference [ 8], the improved neural network scheme converges
faster and gets better robustness against attacks such as additive noise, low-pass filtering, re-
sampling, re-quantifying. et al. Moreover, the performance achieves 5% increase on average.
Key words: short-term energy; least relative mean square error; discrete wavelet transform;
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