[2R2 Exflsks U H—FURI Y

Science Tokyo Research Repository

Jo /0000

Article / Book Information
oo@o)
Title(English) Noise discrimination using models with different structures
oo@o) OO0 00
Authors(English) Agnieszka Betkowska, Koichi Shinoda, Sadaoki Furui
oo@o) O0O00o00O 00500000000, Vol., No. 2-Q-7, pp. 111-112
Citation(English) , Vol. , No. 2-Q-7, pp. 111-112
000 /Pub. date 2005, 3

Powered by T2R2 (Science Tokyo Research Repository)


http://t2r2.star.titech.ac.jp/

\

=l

2—Q—7

Noise Discrimination Using Models with Different Structures*

© Agnieszka Betkowska, Koichi Shinoda, and Sadaoki Furui (Tokyo Institute of Technology)

1 Introduction

The goal of automatic noise recognition (ANR) is
the classification of audio noises in acoustic environ-
ments. The ability of segregating noise is important
for personal robots. This fact motivated us to inves-
tigate the noise discrimination problem in house en-
vironments. In our previous work [1], for each noise
category, a different Hidden Markov Model (HMM)
was defined. The choice of its topology depended
on the amount of data available and the charac-
teristics of the acoustic signals to be modeled. We
proposed a method of adjusting the complexity of
the HMM according to the training data available.
The number of mixtures of each state was reduced
by using the Maximum Description Length (MDL)
criterion.

In this paper. we investigate noise discrimination
methods based on the combination of the recog-
nition results from more than one systems. The
model topologies are different among the systems.

2 Method

Let N be the the number of recognition systems
and K be the number of noise classes. The a pos-
teriors probability (score) that the noise sample z
belongs to class 1 in system j is expressed as follows:
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where p;; is the probability of noise 7 given by sys-
tem j. In order to combine scores of N systems,
the Mixtures of Experts (MoE) methodology is uti-
lized. Instead of one global network, several expert
networks are created. A gating network that de-
cides which of the expert network should be used is
also built [2] (Figure 1(a)).

A neural network for each expert consists of N in-
put neurons, one hidden layer with M neurons and
one output neuron (Figure 1(b)). The likelihood L;
for each class i is calculated as follows:

N
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i=1,...,K, m=1,..., M,
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Figure 1. (a) An architecture of Mixtures Of Ex-
perts (MoE) (b) An expert network for noise 7 in
an MoE

Table 1. List of noises and their labels in PaPeRo
database.

Noise Label | No. samples
TV T 422
Human distant speech A 465
Sudden noise X 417
Footstep F 44
Kitchen sounds K 318

where g(z) is a sigmoid function. The weights w;;
and vy, are trained in such a way that L; is close to
one if the correct noise class is 7 and zero otherwise.

3 Experiments
3.1 Database

In our experiments, we used the database
recorded by a personal robot PaPeRo developed by
NEC([3], which was used into the houses of 12 fam-
ilies. The database contains 74640 sounds, each of
which is detected by the speech detection algorithm
equipped in PaPeRo. The samples recorded by Pa-
PeRo were labelled manually. These sounds were
classified into three kinds: speech without noise,
noisy speech, and noise without speech. In this
study, we used noises without speech. While there
were various combinations of different noises in the
database, for simplification we used data that con-
tains only one source of noise (see Table 1).
3.2 Experimental conditions

We divided the data into three different sets:
training set, development set, and test set. They
were divided in the following way: data from eight
families were used for training the noise recognition
systems and neural networks, and the remaining
data from the other four families were distributed
between development and test set.
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Table 2. Topologies of noise HMMs.

[ Noise

Topology ]

TV Type C. 11 states, 2 mix

Human distant speech | Type C, 4 states, 16 mix

Sudden noise Type D, 3 states, 8 mix

Footstep Type A, 2 states, 2 mix

Kitchen sounds Type A, 2 states, 16 mix

The topology of each system was obtained by op-
timizing it for the noises in a particular noise class.
Hence, each discrimination system performs in fa-
vor of one kind of noise.

The search for the optimal topology was con-
ducted from among the following four types of
HMMs:

Type A: Ergotic HMM
Type B: Left to right HMM

Type C: Left to right HMM where a skip of one
state is allowed

Type D: Left to right HMM where a skip of more
than one states is allowed

For each HMM type, the number of states was var-
ied from 1 state to 11 states. The number of mix-
tures per state was chosen from 1,2,4,8,16,32,64.
For each noise class, the topology of the model with
the minimum description length was chosen. In
this way we created five systems with the topologies
given by Table 2.

The recognition of the development data and the
test data was performed by all five discrimination
systems. The best results among those five systems
were taken as a baseline. We built two kind of MoE
systems:

MoE A: One network for separating all noises.

MoE B: Two-step discrimination network.

First a gating network separates verbal-sounds
(TV and human distant speech) from non-
verbal sounds (kitchen sound, sudden noise
and footstep). If a verbal-sound is detected
by the gating network, this sound goes to an
expert network responsible for separating TV
from human distant speech. Similarly, if a non-
verbal sound is detected, this sound goes to
an expert network respousible for separating
kitchen sound, sudden noise and footstep.

3.3 Results

The results are shown in Figure 2. In the case
of development set, the recognition accuracy was
improved by about 2.4% in MoE A. The accuracy
increased when the separation for non-verbal and
verbal sound was performed first (MoE B). The seg-
regation for these two groups was conducted with

BAZEFRHERE

—112—

' Development Set W Test Set'
— 820 -
q
£ 800 - 798
3 780 e l
75.4 i
5760 i
3 740 ! ’
< 120 713 709
o 169.3 !
2 700 .
<
> 68.0
3 660 J
8ol A .
Baseline MoE A MoE B

Figure 2. Results for Development Set and Test
Set for the two kinds of Mixtures of Experts (MoE)

an error rate of 3.2%. The expert network respon-
sible for separating TV from human distant speech
had an accuracy of 78.6% and the network respon-
sible for separating sudden noise, kitchen noise and
remaining sounds had an accuracy of 81.0%.

When the test set was used, however, one-step
segregation between noises (MoE A) performed bet-
ter than two-step discrimination (MoE B) (see Fig-
ure 2). This might be because of the mismatch
between the development set and the test set. For
MOoE B, the classification error between verbal and
non-verbal sounds was 9.1%. The segregation of
verbal sounds was performed with an accuracy of
65.4%. Sudden noise, kitchen sounds and footsteps
were separated with an accuracy of 77.4%. All of
these rates were worse than those for the develop-
ment set.

4 Conclusions

We presented a noise discrimination method
based on combination of results from more than
It was shown that the
neural network for separating noise improved the
performance by 2.0%. While the MoE architecture
did not show any improvements in this study where

one recognition systems.

the number of noise classes was small, it might be
effective when there exists a large variety of noises.
Researches in this direction seem promising.
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