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ABSTRACT: In this paper, a method of estimating speech parameters for ultrasonic Doppler signals reflected
from the articulatory muscles using LSTM (Long Short Term Memory) RNN (Recurrent Neural Networks) was
introduced and compared with the method using MLP (Multi-Layer Perceptrons). LSTM RNN were used to
estimate the Fourier transform coefficients of speech signals from the ultrasonic Doppler signals. The log energy
value of the Mel frequency band and the Fourier transform coefficients, which were extracted respectively from
the ultrasonic Doppler signal and the speech signal, were used as the input and reference for training LSTM RNN.
The performance of LSTM RNN and MLP was evaluated and compared by experiments using test data, and the
RMSE (Root Mean Squared Error) was used as a measure. The RMSE of each experiment was 0.5810 and 0.7380,
respectively. The difference was about 0.1570, so that it confirmed that the performance of the method using the
LSTM RNN was better.
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Fig. 1. A block diagram of the proposed method.
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