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Abstract:

Hands-free operation of a mobile phone in car raises mgor challenges for acoustic
enhancement algorithms and speech recognition engines. This is due to a degradation of the
speech signal caused by reverberation effects and engine noise. In atypical mobile phone/car-
kit configuration only the car-kit microphone is used. A legitimate question is whether it is
possible to improve the useful signal using the input from the second microphone, namely the
microphone of the mobile terminal.

In this paper we show that a speech enhancement agorithm specifically developed for two
input channels significantly increases the word recognition rates in comparison with single-
channel noise reduction techniques.
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INTRODUCTION

Automatic speech recognition (ASR) systems running in mobile phones can

only afford little memory and low computational power, nonetheless they

must remain usable under a large variety of noise conditions. Given the fast
1
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growing market for portable devices, robust speech recognition in embedded
systems has been enjoying significant attention recently [6].

Besides the quest for robust features [5], [7], [10], two main lines of research
aimed at increasing performance of speech recognisers in noise are speech
signa enhancement and model adaptation. Although some adaptation
techniques [8] achieve very good performance, their use in embedded
systems is only of limited interest. This is due to the fact that recognisers
operating in mobile phones are subject to constantly changing environments
and little or no adaptation data, given that voice control applications consist
mostly of short commands which should work on the first try.

In contrast, speech enhancement techniques require no training, therefore
they provide “red-time” improvement of recognition rates. For a resource-
constrained mobile phone, speech signal enhancement has the added
advantage that the same program code can be used to improve not only the
recognition rates of the speech recogniser but also the quality of the speech
signal for the far-end taker during a voice cal. Of course, different tunings
of the enhancement algorithm have to be found for both cases in order to
optimise for amachine or a human being the listener.

In this paper we compare the performance of single-channel noise reduction
agorithms with our newly developed two-channel psycho-acoustically
motivated speech enhancement agorithm on an ASR task in the car
environment. The novel two-channel speech enhancement algorithm
significantly decreases the word error rate for moderate car noise
corresponding to city traffic.

SPEECH RECOGNITION SYSTEM

Our recognition engine is based on continuous densities HMM technology
with unified variance modelling in Bakis topology, optimised for use in
embedded systems to have a small memory footprint and low computational
requirements.

For each frame the front-end computes 12 MFCC coefficients plus the total
frame energy, as well as their corresponding delta and acceleration values.
The inclusion of delta and acceleration coefficients is known to improve
robustness of the features against noise. The frames have 32 ms length and
an overlap of 17 ms.
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The actud feature vector is obtained by retaining the first 24 coefficients of
the LDA-transformed super-vector built from two adjacent frames. Findly,
the elements of the feature vector are quantised to 8-bit signed values in
order to save storage space of the HMM modes.

SPECTRAL SUBTRACTION FOR SINGLE-CHANNEL
NOISE REDUCTION

Spectral subtraction (SPS) is afre%uency based technique which obtains the
clean speech power spectrum s“(m,f ) at frame m for the K" spectral
component by subtracting the noise spectrum N 2(m, f i) from the noisy
speech Y?(m, f,), i.e

s2(m, fk)=Y2(m, fk)—Nz(m,fk) 1)

Since the n0|se power spectrum is unknown, an estimated noise power
spectrum N 2(m,f ) is subtracted instead, which corresponds to a time
varying amplltudekfllterl ng of the noisy signal with:

) 1/2
N2 (m, f\)

H(m f )=1-| —— )
k Y2(m, f)

In order to obtain a noise reduction that takes into account the varying noise
levels, two factors, the “ over—subtraction factor” a and the  flooring factor”
b, are introduced:

s 1/2 s 1/2
N“(m, f) ) N~ (m, f)

) O L
Yo (m, f ) Yo (m, f)

b otherwise
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The agorithm uses a constant over-subtraction factor a = 2.5 and a spectra
flooring b = 0.1, thus leading to a comparably strong noise suppression for
low noise levels.

Since spectral subtraction is the standard solution for noise reduction, it
makes a suitable reference for the two algorithmsintroduced in the following
sections.

RECURSIVE LEAST SQUARED AMPLITUDE SINGLE-
CHANNEL NOISE REDUCTION

The recursive least square amplitude (RLSA) noise reduction agorithm
follows the classica scheme of noise reduction in the frequency domain to
estimate the short-time spectral magnitude of the speech S(m, f) by
applying the weighting G(m, f, ) to each short-time Fourier transform
coefficient of the noisy speech Y(m, f,) at framem:

S(m ) = G(m f,) Y(m f, ) (4)

where f, representsthe K" spectral component. Moreover it is assumed that
the signal for each frame m can be expressed as the sum of the speech
component and the noi se component:

Y(m, f, )=S(m, f. )+ N(m, f,) (5)

The determination of G(m, f,) involves usually the estimation of the power
spectral density (psd) of the noise as well as arough estimation of the psd of
the speech. Most of the time these estimations are empirical and have no link
to the definition of G(m, f,). The recursive implementation of the least-
square (LS) criterion has the advantage of deriving the required psd's
partialy from G [3] and was efficiently used as pre-processing in [1]. It is
based on the minimisation of the error function J_(e(f,)) defined by

Jm(e(fk»:liﬂ'eza, ) (6)

with A being aforgetting factor and the errors for each frame | given by:
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e, f,)=s(, f,)-S(, f,) @)

Considering the  vector _é(m,fk):[,/lgé(o,fk);A%é(Lfk);...;é(m,fk)]T
obtained by the filtering of Y(m, f,) =[A2Y(0, f,); A 2 Y(& f,);...;Y(m, f)]"in
asimilar way asin (4),i.e.

S(m, f,) =Y(m, f,) G (M, f,), (8)

we obtain the following solution for G (m, f,) :

m

S, 1)
Gi(m f,)=— 9)

S S 1,) + S ATNL 1)

In practical implementation and in order to avoid rough estimation of
S(, f,) to compute G, the following filter isimplemented

DAY )
Guo(m f,) =2

— (10)
SATYAL )Y AR )

Where N(,f,) stands for the noise spectrum estimator and where the
different smoothing factor A, and A, alow us to control the amount of
noise reduction and to reduce eventua artefacts on the processed signal.

TWO-CHANNEL NOISE REDUCTION

The two channel noise reduction algorithm [2] is also based on frequency
domain analysis. As before, we model our microphone signas
Y,(m, f,),i 0{1,3 asthe sum of speech and noise:

Yi(m f,)=S(m f)+ N (m f,) (11)

Suppose that the speech signa a the microphone 2 can be written as
S,(m, f,)=k(f,)S,(m, f,), and by introducing the two dimensional vectors
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K=[1 k)], U=[u,(mf)U,mf), UD{S,N,Y}, Eq. 11 can be rewritten
asfollows:

Y=KS+N (12)

An egtimation of the speech signal is obtained by a linear filtering of Y
through the weighting factor G,,,. =|G,,...(m, f,) G,,...(m, f,)| such that:

2mic

$=G, Y (13)

2mic
where Y' stands for the transpose of the vector Y .

The filter is a two dimensiona extension of the algorithm presented in [4],
which is effectively a psycho-acoustically motivated weighting rule based on
the sound masking properties of the human auditory system. The masking
threshold y, =y, ,(m f,) y,,(m f,)| is caculated using “clean” speech
estimated from spectra subtraction.

The desired amount of noise reduction in the psycho-acoustical sense is
defined by a scalar noise attenuation factor ¢, =|¢,, 0|. Accordingly, the
weighting factor G,,,. is chosen in such a way that all components of the
residual noise, which exceed the desired amount are just “hidden” below the
estimated threshold. It leads to the following solution:

G =4, i i K W (14)

In this last expression y, stands for the estimated noise spectral covariance
matrix defined by:

[ Elmnr) e o) 5
TLEN AN () BN (m )

with the expectation function E(.). In practice the expectation function is
computed as a first order IIR filtering of the estimated noise signal
N,(m, f,),N,(m, f,).

The vector K is computed by assuming that it is given by an attenuation a
and adelay o :
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k(f,)=ae (16)
Thustheideaisto interpolate the instantaneous ratio

E(v,(m 1)Y; (m, £,))
e[ (m 1f)

by the model of type Eq. 16. The chosen criteriais the least square criterion
in the log domain which give the following formul ae:

Ioga:—%fIO% Efv(m £)¥: (m 1)
NE | Elvme)?) | an
52280 0g ELmM LIV (m )
=— Ol 2
N & Elv,(m 1)’

NOISE ESTIMATION

Noise estimation is required for all three algorithms (spectral subtraction,
RLSA, two channel psycho-acoustic). The noise estimators used are based
on speech activity detection. The noise spectrum is learned differently during
estimated speech/non-speech periods, by smoothing the power spectrum of
the current and the previous frame.

Nevertheless, the three agorithms presented here are not based exactly on
the same noise estimation rule, even if the principle is similar. Different
types of smoothing filter or of voice activity detection criterion are used.
Due to the high interactivity between the weighting rule (Eg. 3, 10 and 14)
and the noise estimation rule, the use of a noise estimator unique for the
three agorithms is not feasible because each algorithm is tuned in such a
way that its overall performance is optimised.

To sum it up, the basic principle of the noise estimation is similar for all
three agorithms, but algorithm-specific tuning is necessary in order to obtain
optimal results.
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DATABASE COLLECTION

Two omni-directiona microphones were mounted inside a car, one at the
position of a plugged-in mobile phone on the centra panel lower-right with
respect to the driver (channel 1), and the other one at the lower-left corner of
the windshield, facing the driver (channel 2). The car was dtuated in an
acoustic studio and driving noise of varying intensity was played through the
two front loudspeakers of the car. This set-up redistically* simulates driving
noise and reverberation conditions.

Twenty native German speakers, both maes and females, were recorded in
three different noise conditions:

@) No noise played through the loudspeakers (“clean” speech),

b) With low level noise simulating the driving in city traffic,

¢) With high level noise representing highway driving.

Please note that the “clean” speech is actually affected by reverberation
effects and other sources of environment noise in the acoustic |aboratory.

The utterances consisted of seven isolated German commands and three
combination phrases that smulate a dialog between the user and the mobile
phone, e.g. “<call> <name> <location>". For each person and noise level
there was a total of ten recordings. The database thus consists of 200
recordings for each noise level, which were used to evaluate the noise
reduction algorithms.

EXPERIMENTAL RESULTS

The following table gives the recognition results for the two input channels,
once presented in isolation and once in combination.

The first two rows indicate the recognition performance when passing the
individual signals of channel 1 and 2 directly to the speech recogniser. The
different recognition results are due to the positioning of the microphones.
While the car-kit microphone (channel 1) suffers from a degradation of the
incoming speech signal due to its position at the centre panel, the windshield
microphone (channd 2) remains less affected and outperforms the
recognition results obtained with the car-kit microphone. An overadl

! Note that we are not si mply arithmetically adding the noise to the signal.
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decrease of recognition performance is observed with increased noise level,
as expected.

We notice that the position of the microphones strongly influences the word
recognition rates for the RLSA and SPS agorithms, which are applied
independently to the two channels. Interestingly, channel 1 is the best
channel for RLSA, while for SPS channel 2 is better for “clean” speech and
low level noise.

Overall RLSA leads to a remarkable improvement of word recognition rates
(ranging from +5% to +45% absolute!) outperforming the standard SPS, and
is able to level the recognition performance for “clean” speech and speech
contaminated with low level car noise.

Passing the combined input of channel 1 and 2 to the recogniser after having
applied the two-channel noise reduction, the recognition performance can be
improved even further, especialy for low level noise. Remarkably, the two-
channel noise reduction agorithm performs even better in low level car
noise than on “clean” speech, which can be attributed to parameter tuning.

Table 1. [Word Recognition Rates (WRR) for the three noise levels]

Channel number & Noise “Clean” Low level car High level car
reduction scheme speech noise noise

SNR > 20 dB 14> SNR >7 dB SNR<5dB
Channel 1 (no noise reduction) 80.90 % 55.00 % 30.15%
Channel 2 (no noise reduction) 86.93 % 68.50 % 35.67 %
Channel 1 noise reduction SPS 88.44 % 73.50 % 63.81 %
Channel 2 noise reduction SPS 90.95 % 75.00 % 51.76 %
Channel 1 noise reduction RLSA 92.45 % 91.00 % 76.88 %
Channel 2 noise reduction RLSA 91.95 % 90.00 % 75.87 %
Two-Channel noise reduction 92.69 % 94.50 % 77.38%
SUMMARY

In this paper we presented a single-channedl noise reduction algorithm
(RLSA), based on recursive Wiener filtering in the frequency domain, which
leads to an absolute increase of the word recognition rates of up to 45%, and
thus outperforms by far the standard spectral subtraction (SPS).

Furthermore, we argued that in a typica mobile phone/car-kit scenario both
microphones should be used if better performance of the speech recogniser is
desired. To support our claim we presented a newly devised two-channel
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noise reduction agorithm which performs better than RLSA, yielding a
relative decrease of the word error rate of up to 42%.
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