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A Training Method for Emotionally Robust Speech Recognition
using Frequency Warping

4T
Weon-Goo Kim

=M stw MI|3en

2 o
2 =FoAE 7ty 7 Wt 4gS HA wE 4 A Al2gle g5 WRdd #e AFE s ol & %
o 94 s Aol x3E &4 Heolguol2~E AMgste] A B &4 3ot 54 A2 AlzEle el HX
v Gl #3I AFE FHEAT. B TFHA Fe HFY FHoE sFHE &4 Q12 Alzde] ge] x3E <
2l "ole7l dEEE A AAol wE S Aolrb A2 AlzHle] 4TS APtk B AFolA e A Wl
wpgl szl A Holzl WEldtthE A3 ol Wl A A4 AxdHe AES AFAIE 9 T Fuds
Zath. 2 AFoAE ol#yd g9 ®stE T E g WS Adste] A Wt Add &4 Q1 A=EE
At A . HMMS AHE3 w55 <2 Agoa Aotd sy WS AM&std 724 delge 7t 7|& WHRt
28.4% ¥
Abstract

This paper studied the training methods less affected by the emotional variation for the development of the robust
speech recognition system. For this purpose, the effect of emotional variation on the speech signal and the speech
recognition system were studied using speech database containing various emotions. The performance of the speech
recognition system trained by using the speech signal containing no emotion is deteriorated if the test speech signal
contains the emotions because of the emotional difference between the test and training data. In this study, it is
observed that vocal tract length of the speaker is affected by the emotional variation and this effect is one of the
reasons that makes the performance of the speech recognition system worse. In this paper, a training method that
cover the speech variations is proposed to develop the emotionally robust speech recognition system. Experimental
results from the isolated word recognition using HMM showed that propose method reduced the error rate of the
conventional recognition system by 28.4% when emotional test data was used.
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