Eurospeech.1991-298

4

) |

10.214:

ISCA Archive

http://www.isca-speech.org/archive

2nd European Conference on
Speech Communication and Technology
EUROSPEECH 91
Genova, ltaly, September 24-26, 1991

AN EVALUATION OF ADAPTIVE NOISE CANCELLING FOR SPEECH
RECOGNITION

H.S. DABIS* and A.A. WRENCH**

* Electrical Dept, Paisley College, High St, Paisley, Scotland. PA1 2BE.

*% CSTR, University of Edinburgh, 80 Southbridge, Scotland. EH1 1HN.

Abstract

Speech recognition systems suffer greatly from the presence
of additive noise. In this paper a two microphone approach is
used as a front end processor to enhance speech corrupted by
acoustically added noise signals. Extensive testing of the ef-
fect of the algorithm on a continuous speech recognition sys-
tem was made and the results presented. The results show a
reasonable SNR improvement of around 5 dB and an im-
provement in the recognition rate of the enhanced signal al-
though the performance is not as good as that of the original
clean signal.

Keywords: Adaptive noise cancelling, continuous speech
recognition, Adaptive filiering.

1. Introduction

It is well known that the presence of additive noise deterio-
rates the performance of speech recognition systems con-
siderably. This is due to the fact that linear prediction, prob-
ably the most powerful tool in speech processing, is especial-
ly susceptible to the degrading effects of noise [1]. A con-
siderable amount of research has gone into trying to improve
the performance of the linear predictive coder. In |2] auto-
correlation subtraction was used to improve the performance
of the linear predictor in noisy environments. Other re-
searchers employed spectral subtraction techniques [3] while
some tried optimum filtering techniques {4] with a limited
amount of success. These are all single channel approaches
which suffer from the drawback of overlapping spectra.

In this paper a two microphone approach [5] is used to en-
hance noisy speech signals. The approach adopted will be
briefly described where it is shown that, theoretically at least,
noise may be completely removed. It is also shown that the
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output signal is a filtered version of the original whose effects
shall be briefly discussed. However, the main thrust of this
paper will be to examine the effect of the algorithm on con-
tinuous speech recognition systems.

The experiments were performed in a quiet room and under
the same conditions. One hundred sentences were recorded in
a quiet environment and used to train the OSPREY speech
recognition system. These same sentences were then re-
corded in the presence of real, acoustically added noise
sources such as an air fan. All sentences were equalised be-
fore recognition to remove the distortion effects due to the
microphones, speakers etc.

Recognition results comparing clean, noisy and enhanced
speech shall be presented. It is shown that an improvement
can be achieved using the algorithm to enhance the noisy sig-
nal, however, recognition scores are still not as good as the
original speech.

2. Description of adopted approach

Consider the diagram shown in fig 1 where s, is the speech
signal, n, is the noise signal, H,(z'') and Hx(z *) are the acous- -
tic path transfer functions between the noise source and the
microphones. In the work which follows, dependencies on
the z-operator shall be dropped for convenience ie

H, = Hi(z"")

H, = Hi(z™)

Fig 1. A block diagram of the noise canceller
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Assuming that s, is equidistant from the microphones while n,
arrives at an angle not directly behind the speaker we have

At the primary:
X =8, + H, n, (hH
At the reference
' v =8 + Hyn, )
The error output becomes
& = Xy — Hs Y«
=s(1 -H;) + n(H,-HHy) (3)
The error spectral density is then given by
e = (1-Hy)0.(1-Hy)" + (H, ~ H;H)n, (Hy - H:H)™ (4)

where ¢, , ¢.. are the signal and noise spectral densities re-
spectively. The * denotes the complex conjugate operator.

Now the problem is that of minimising J. where,

1 d.
= (5)
o= 2nj ? Pec z :

lzl=1
During a silence period when ¢, =0, equation (5) is obviously
minimised when

H; = HH;” (6)

Various techniques may be used to identify the silence
period. The approach adopted by Harrison er al [6] was used
which works quite well at reasonably low SNR. This was not
a major problem since the recognisor was deteriorating con-
siderably even at very high SNRs.

Now the noise cancelling approach can be formulated as fol-
lows. Having identified H, during a silence/noise only period,
it (H;) can now be fixed and the reference data filtered
through it.

Substituting for H; from (6) into (3) we get
e = (1-Hy) s, (7)

which is a noise free but filtered speech signal. This will
clearly not be the case in practice due to errors in the identifi-
cation process as well as other computational errors. The Re-
cursive Least Squares (RLS) algorithm was used to identify a
pole zero transfer function. Other identification algorithms
such as the Least Mean Squares (LMS) or the Recursive
Maximum Likelihood (RML) may also be used.
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3. The Recursive Least Squares (RLS) algorithm

RLS was used due to its fast rate of convergence (approxi-
mately the number of parameter samples needed). The algo-
rithm can be briefly summarised as follows:

Define a parameter vector 6, where
0,"=[bo b ...... boi , @5 Ay eeeeen 8] ®)

contains both the autoregressive parameters A, and the mov-
ing average parameters B. Also define a regressor vector X,
as

X = 1Y Yoo coeeeeYimst » —Zit =Zicz wvveees —Zin) )
Y« » Z are the input and output of a system respectively.
The RLS estimate of 6, is given by [7]
0, =0, + K[z, - 6,.,"X,] (10

where the Kalman gain vector is updated according to

K Pk—l Xx an
A+ X'P_X,

and P, is the positive definite error covariance matrix:,

P, = [Pk—l - KkaTPk—l]/)\' (12)

The forgetting factor A gives the estimator a finite memory of
length 1/1-A samples. Since the parameters are not tracked in
this method but only estimated during a silence period, the
forgetting factor may be set to unity.

4. Effects of filtering on the speech spectrum

It can be seen from equation (7) that the output speech signal
is filtered by (1 ~ H,). This would obviously distort the spec-
trum and could affect the recognition rate considerably. As
already mentioned, however, the signals are usually equa-
lised to average out the long term spectrum. As well as re-
moving the distortions due to the speaker characteristics etc,
the equalisation could also have an effect on this filtering ac-
tion.

In this section, however, a simulation experiment is per-
formed to show that the experimental work corresponds with
the theoretical.

Consider a situation where two microphones are placed 10
cm apart in a quiet room with the speaker standing directly in
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between the microphones and a noise source being generated
from a distance of 1m away in line with the microphones.

Given the approximate speed of sound to be 300 m/s and a
sampling frequency of 10 kHz, the number of sample delay
between the noise in each microphone is :

T = L1 10000 samples
300

1]

3 samples

A white noise sequence of variance 0.1 and zero mean was
used as the corrupting signal in one input while a 3 sample
delayed version of the same sequence was used to corrupt the
other. This would correspond with the experiment specifica-
tion described. A period of noise only was then used to ident-
ify the delay using a 6th order model. The transfer function (1
—H,) was then found and inverted to filter the processed sig-
nal. The denominator was reflected to avoid instability using
a method described in [8). The resulting spectra are shown
fig. 2 which illustrate the effect of filtering.

PR At

al
£ LGy

Lttt | IEPET ST | PESPRETE S —
0 o0 2000 300 00 S

()

EUROSPEECH '91, Genova, ltaly, September 1991

"ol

_‘o.kA..l. .,1.‘...|L,.|A..
& 1000 2000 A0 4000 SU0d
frag(Hz)

Fig. (a) spectrum of original speech v noisy speech
(b) spectrum of original speech v enhanced speech
(c) spectrum of original speech v inverted speech.

As can be seen from the graphs, the distortion due to the
filtering action has been almost completely removed by the
inverse filtering action. The SNR of the processed speech is
considerably improved.

Recognition Experiment

The noise canceller was tested as a preprocessor to two noisy
speech recognition tasks. Two noise sources were tested: Fan
noise created by a PC and an office fan combined were placed
at 90° to the speech source in line with the microphones; Of-

. fice noise prerecorded in an office featuring machine fan

noise, continuous conversation and road traffic noise was re-
played at 90° to the speech source. The speech source in both
cases consisted of 100 prerecorded TIMIT sentences spoken
by a British English speaker and played back from audio tape
through an amplifier and speaker placed equidistant from two
microphones. As a controlled experiment, speech was re-
corded without any noise added. The experiments were per-
formed in a sound proof booth to reduce the effects of rever-
berations. All signals were sampled at 10kHz.

The SNR for the clean speech was estimated to be about 40
dB, the SNR for the fan noise was about 24 dB and for the
office noise it was about 12 dB.

Hidden Markov Models were trained for each phoneme in RP
English on a separate data base of 200 sentences. The models
were standard discrete Bakis 3 state models. The vector code-
book had 256 codewords, each codeword based on 10th order
cepstra of 12th order LPC analysis.

The recognition system was run with no grammatical con-
straints to provide a phoneme lattice. The lattice consisted of
segmented speech, each segment containing 45 phoneme hy-
pothesis with an associated probability for being in the seg-
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ment. The entropy of the lattices [9] for 50 sentences was
used for relative comparison between tasks and t-—values
calculated to assess the certainty of the improvement.

The noise canceller was run with orders 6, 12 and 18 on the
clean speech, the fan—noise corrupted speech and the unidi-
rectional office-noise corrupted speech.

The results are tabulated in table 1. along with certainty of
improvement over the entropy of the column to the left in the
table. The results show a modest improvement in perform-
ance for both types of noise source with higher order can-
cellers providing better performance gains. Table 2 shows the
percentage of phonemes correctly identified within the top 4
and top 5 most probable hypothesis.

Conclusions

Itis clear that the noise canceller provides an improvement in
recognition performance where the noise source is unidirec-
tional and at 90° to the talker in the plane of the microphones.
The degradation due to the office noise was greater than that
caused by the fan noise. The noise canceller, however, pro-
vided a greater improvement in the entropy of the office
speech so that the recognition scores for the cancelled speech
were comparable. Degradation in the recognition was noticed
when the pfocessing was done on clean speech. This as well
as other problems are being investigated currently.

untreated| n=6|{ n=12| n=18

clean entropy| 3.24 413 | 411 | 4.10

clean certainty N/A 100%| 73% | 64%

fan entropy 4.45 429 | 422 | 4.19

fan certainty [ N/A 99.99%{ 99.3% | 88.2%
office entropyl 4.88 4.6 4.43 4.33

ffice cerataimy N/A 99.8%| 99.6%| 98.6%

Table 1. Average Lattice entropies for 50 utterances
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untreated| canceller (n=18)
cleantop 4| gog, 84%
cleantop 5| 929 87%
fan top 4 77% 80%
fantop5 | 81% 849%
office top4{ 79 81%
officetop S| 71% 85%

Table 2. Percentage of phoneme correctly recognised
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