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Establishment and Experimental Demonstration of Distant Speech Recognition System
for Communication Robot
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Distant speech recognition technology for a robot
was implemented to communicate with humans at a
natural distance. There were two issues to address.
First, surrounding reverberation and noise act to reduce
recognition performance. In an attempt to resolve
this, dereverberation and sound source identification
technology were introduced in addition to the existing
developed technology. Second, speech frequency
response characteristics and wording differ from
person to person. To enhance recognition performance,
a deep neural network was used in the acoustic model,
in addition to class-based N-grams accounting for the
properties of speech recognition tasks in the language
model. These technologies were then integrated into
a robot system to perform a themed experimental
demonstration taking reception calls.

The demonstration achieved a reception success
rate of 98.3% and, through analysis of the causes of
erroneous speech recognition, clarified further issues to
address for improving performance.
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Table 1  Evaluation set for source identification
Evaluation Number of
Class

set sounds
Target speech 1,006
Benchmark
Non-target sound 239
Reception Target speech 829
experiment | Non-target sound 7,978

Table 2 Evaluation results of source identification

Evaluation Class Recall Precision
set (%) (%)
Target speech 96.5 91.1
Benchmark
Non-target sound 94.5 80.5
Reception Target speech 87.1 34.7
experiment Non-target sound 95.7 98.4
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Table 3 Training data of our acoustic model

Speech corpus Style Speech Hours
Commercially
available speech Reading Synthesized 329
corpus
. Reading and
Reception speech spontaneous Synthesized 453
corpus
speech
Reception speech )
corpus recorded Reading Reczécile\z/ldOW|th 122
with ASIMO
Total 904
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Fig. 3 Advance of word accuracy with increased
training data
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Table 4 Cause of error in reception experiments

Cause of error Word error rate (%)
Unknown words 10.9
Spontaneous speech 8.8
Non-target sound and VAD 5.7
Lack of training data 4.5
Overlapping speech 3.3
Total 33.2
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