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Abstract

This paper addresses the problem of speech recogni-
tion with signals corrupted by white Gaussian ad-
ditive noise at moderate SNR. The energy of the
noise is not required. A technique based on a lat-
eral inhibition process approximation with multilayer
neural nets, and SNR weighting in acoustic pattern
matching algorithms is proposed. At the recogni-
tion procedure, the local SNR is estimated by means
of the autocorrelation function and is taken into ac-
count as a weight in a pattern matching algorithm. A
general criterion based on weighting the frame influ-
ence in decisions according to local SNR is suggested,
and modified versions of both HMM and DTW algo-
rithms have been designed.

1 Introduction

Many of the techniques that have been proposed
to solve the noise sensitiveness of automatic speech
recognition system (ASRS) are based on the estima-
tion of noise at intervals where there are no speech
signals. This restriction could be accepted in some
real applications of isolated word recognition, but it is
very inappropriate for general real environments and
especially for continuous speech recognition, where
the time separation between two consecutive silence
intervals can be much bigger than in the isolated
word case. The noise signal can change in energy
and/or spectral distribution and the noise estimation
can become obsolete between two silence intervals.
In addition, the local SNR depends on the energy of
the speech signal, and voiced intervals provide more
reliable information since they show higher energies
than non-voiced signals.

This paper describes a method to improve the noise
robustness of ASRS to white Gaussian additive noise
at moderate SNR by means of an emulation of spec-
tral lateral inhibition with neural networks, and the
SNR weighting in acoustic pattern matching algo-
rithms. The noise power is not required by the algo-
rithm. Three problems have been addressed. These
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are firstly, the approximation of the lateral inhibi-
tion function with multilayer neural nets; secondly,
frame-by-frame estimation of the SNR; and finally
SNR weighting in acoustic pattern matching algo-
rithms.

2 Lateral Inhibition Net (LIN)

Masking is basically the suppression of the lowest by
the highest spectral components. Lateral inhibition
is one of the processes responsible for the masking
phenomena in different sensory systems and this con-
cept was used to train the noise reduction neural net-
work, LIN (Lateral Inhibition Network), employed in
this research.
Given:

o E;, the logarithm of the energy at the output of
the filter 1 in a bank of N filters;

o Ff = (EY, ES,ES, ..., EY), frame i of clean sig-
nal;

o FP =(E},E},E}, ..., EY), frame i after it has
noise added;

the lateral inhibition function (LI) can be set as:

LI(E;) = Ei+ f(E1,E2 Es,..,En) (1)

where the function LI() was approximated with mul-
tilayer perceptrons with one hidden layer. Multilayer
perceptrons were chosen because they can store the
information of a big amount of training data, and
produce a correct input-output mapping even when
the input is slightly different fom the examples used
to train them (generalization).

The output function for the hidden layer nodes is
o(z) = 1/(14+e~*) and the output function for input
and output layers is linear. Each input node receives
the energy of one filter and the same energy is fed-
forward to the output node in order to compound
the equation (1). The number of input, hidden and
output nodes were equal to the number of filters N.
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The LIN was trained with the following conditions
that define the lateral inhibition function:

LI(Fy) = LI(F?)

LI(F7) ~ F

The first condition specifies that Ff and F* should
give approximatly the same result after they are pro-
cessed by LIN. The second condition settles that
LI of a clean signal must give the same clean signal,
so that the spectral information is preserved and no
distortion should be introduced.

The neural net was trained with the classical back-
propagation [1] algorithm with cross-validation [2].
The training data were made up of input-reference
pattern pairs. The reference patterns were frames of
clean signal, Ff, and the input patterns were gener-
ated adding white gaussian noise to F¢ at 4 different
SNR’s ( Clean, 18dB, 12dB, and 6dB ). Therefore,
each frame F? originated 4 training input-referenc
pairs. :

The training of the neural network was carried out
frame by frame and not utterance by utterance, so
the LIN should be able to recover the information
from a noisy frame independently of the context.
Moreover, the SNR training condition (SNR>6dB)
guarantees the highest components are preserved
from the reference to the input training pattern, and,
on the other hand, the generalization feature of neu-
ral nets should be able to mask the noises when the
SNR is not included among the training conditions
or even perhaps when the noise is poorly correlated
but not white.

2.1 LIN Input

In order to normalise the inputs between 0 and 1,
firstly the maximum energy of the frame was de-
termined. Then the energy of the other filters was
computed in dB using the maximum energy as refer-
ence, and all components 50dB below this maximum
energy were made equal to -50dB. Finally, the ener-
gies in dB were linearly transformed from the range
[-50dB, 0db] to [0, 1].

2.2 LIN Training Database

Fricative sounds are the first to be masked by cor-
rupting signals, and using these speech frames as
training patterns means learning the neural network
with an information that is lost even for moderate
SNRs.- Consequently, it seems reasonable to employ
only voiced intervals to train the neural network,
firstly because they are less corrupted by noises, and
secondly because the number of rules learnt by the
neural network is reduced.

Since voiced phonemes show periodical or quasi-
periodical patterns and fricatives sounds do not, peri-
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odicity is a good criteria to select the training frames.
Periodicity was defined as:

e maz{R,(m)]
periodicity = R.(0)
where maz[R;(m)] is computed with all m’s in the
range of fundamental periods. The autocorrelation
function was computed using a 256 point FFT in 200
point frames, and then the inverse FFT of the power
spectrum resulted from the direct FFT.

The periodicity coeflicient as defined above is near
0 for non-periodical signals and near 1 for periodi-
cal or quasi-periodical frames. Since the neural net
should be trained with voiced signals, frames with
periodicity smaller than 0.9 were discarded.

3 Local SNR Estimation

If the speech signal and the noise are uncorrelated,
the autocorrelation function is given as:

Ro(m) = Ry(m) + Ra(m)

If the noise is assumed to be poorly correlated,
R,(m) can be considerated approximately equal to 0
for m # 0. Consequently, the autocorrelation func-
tion of the noisy speech signal can be written as:

_ | Rs(m)+ Ra(m)
R.(m) = { Ru(m)

ifm=0

ifm+#0

In addition, the SNR can be estimated from the
following coefficient :

_R(0) __ R,0)
YT Ro(0) T Ra(0) + Ri(0)

w-—l
10

The power of the speech signal R,(0) can be com-
puted from R;(m) for m # 0, because R.(m) =
R,(m) if m # 0, applying some properties of the au-
tocorrelation function: firstly, if the process is real,
the autocorrelation function is even, that is, R,(m) =
R,(—m); secondly, the autocorrelation of any process
is maximum at the origin (necessary condition) [3].
In the results shown in this paper R,(0) was esti-
mated from R;(1) = R.(—1) and R;(2) = R,(-2)
by means of quadratic interpolation:

HfSNR =00
if SNR= -0

R = i Rz(lg - Ry(2) )

The coefficient w can be computed frame by frame
because it needs just the autocorrelation of the noisy
signal at points m=0, 1 and 2.
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4 Weighted Matching Algo-
rithms

The LIN training procedure was based on frames
with periodical or quasi-periodical pattern because
they provide more reliable information in noisy
speech signal, given that they show the highest en-
ergies. Moreover, the training patterns were gener-
ated adding white Gaussian noise to clean frames at 4
SNRs ( Clean, 18dB, 12dB, and 6dB ). Consequently,
frames with low local SNR should not provide reli-
able information at the recognition procedure, and
weighted matching algorithms were proposed to take
into account the local SNR (w(t)) frame by frame.
The main idea behind the modifications made on
Viterbi (HMM) and DTW algorithms [4] is that the
influence of a frame on decisions must be propor-
tional to its coefficient w(t). The proposed weighted
DP algorithm was compared with the two-step DP
algorithm proposed in [5].

4.1 HMM: Modified Viterbi Algo-
rithm

The local SNR estimation can be included in the
Viterbi algorithm [4] raising the output probability
of observing the frame O; to the power of w(t). This
modification lead to the following algorithm:

STEP 1 : Initialization. For each state i,

61(6) = mi x [6:;(0g)]* @

STEP 2 : Recursion. From time t=2 to T, for all
states },

8:(5) = Maz;[6:-1(3) x ai;] x [5;(0:)]*®

¥i(j) = argmaz;[6;_1(3) x aij]

STEP 3: Termination. (* indicates the optimised

results).
P* = Maz,esy[ér(s)]

Consequently, the influence of the probability
b;(0s-1) in the decision Maz;[6;~1(¢) x aj;] =
Mazi[Mazh[ég_g(h) X a;,,-] X [b,—(Ot_l)]“’('"l) X a.-j]
at STEP 2 depends on w(t — 1): if w(t - 1) =1
(high SNR), the influence of b;(O;_1) is maximum,; if
w(t—1) = 0 (very low SNR), the influence of b;(0;_1)

is zero because [b;(0;—1)]°® = 1 for all states i.

4.2 DTW : Modified DP Equation

The same principle of weighting the importance of a
frame according to its local SNR coefficient, w(z),
leads to a modified Dynamic Programming (DP)
equation. The proposed DP equation is given as fol-
lows :
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G, =) xW(E,j—D)+d(i,j ) xw(i)
WG, —-D+w()

(1) = min | SR ot
G(i— 1 ,j)X W(i- 1 ,j)+d(i,j ) X w(')
W(E-1,7)+w(i)
and

W(i,j — 1)+ w(i)
Wi, i) =14 W(i-14—1)+2xw(i)

This DP equation takes into account the local SNR
coefficient, w(i), frame by frame, and the calculation
of the overall distance, G(3, j), is affected by d(i, j)
according to w(i) : if w(i) = 1 (high SNR), the weight
of d(i,§) is maximum; if w(i) = 0 (very low SNR),
the importance of d(z, §) is zero.

4.3 Two-step DP Matching

This algorithm consists of the following two-step pro-
cessing. Firstly, the optimal alignment path ¢; =
(¢, Jx), k = 1,2, ..., K is obtained using the ordinary
DP matching algorithm with symmetric weight [4],
where i; and ji are the frame numbers of the test-
ing and reference patterns respectively. The second
step is the calculation of the global distance between
the utterances weighted by the estimated local SNR
coefficient w(iy) along the optimal path obtained at
the first step [5].

5 Experiments of Word

Recognition

5.1 Database

The proposed methods were tested with speaker-
dependent isolated word (English digits from 0 to 9)
recognition experiments. The tests were carried out
employing the male speaker from the Noisex database
[7]. The isolated clean words were automatically end
detected and generated the database used in this re-
search. The 100 training clean utterances (10 repe-
titions per digit) generated 10 reference sets (set of
repetition 1 of each word, set of repetition 2 of each
word, etc). The 100 testing clean utterances were
used to create the noisy database by adding white
noise at 5 global-SNR levels: clean speech, +18dB,
+12dB, +6dB, +3dB and 0dB. The global-SNR was
defined as in [6]. Firstly, the total energy E of the
clean word was computed. Then, the mean energy
per sample E; was determined dividing E; by the
number of samples of the signal. Finally, E; was used
to set the variance of the zero mean white Gaussian
noise to be added.
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5.2 Pre-processing

Before the Gaussian noise was added, the speech
signals were low pass filtered, using a 10th order
Tchebychev filter with cut. off frequency equal to
3700 Hz, and down sampled from 16000 to 8000 sam-
ples/sec. The band from 300 to 3400 Hz was covered
with 14 Mel 2nd order IIR digital filters. The energy
of each filter was an input of LIN as explained in sec-
tion 2.1. After LIN processing 10 cepstral coefficients
were computed.

5.3 Training the Neural Network

The neural net was trained with the back-
propagation algorithm [1] with cross-validation [2].
The frames from the set of repetition 1 of the training
database (section 5.1) generated the input-reference
pattern pairs used by the LIN training algorithm to
estimate the weights. The frames from the set of
repetition 2 of the training database generated the
input-reference pattern pairs used for evaluation of
the performace of the LIN. The training algorithm
was stopped when the mean squared error of the
evaluation database reached its minimum (maximum
generalization) [2].

5.4 Results

The results presented in this paper were achieved
with 1000 recognition tests for each SNR: 10 ref-
erence set x 100 testing utterances. The following
configurations were tested: the ordinary DTW algo-
rithm with cepstral coefficients without LIN process-
ing (DC); DTW with LIN processing (DL); the pro-
posed weighted DP algorithm with LIN processing,
(WLA) with autocorrelation SNR estimation and
(WLP) with periodicity as weighting coefficients; and
finally, the Two-step DP matching with LIN, (2LA)
with autocorrelation SNR estimation and (2LP) with
periodicity as weighting coefficients. The table 1
summarises the results.

Table 1:Recognition accuracy (%).

SNR | Cln | 18dB | 12dB | 6dB | 3dB | 0dB
DC | 100 | 83.2 | 50.1 | 34.9] 30.6 | 254
DL 19991 99.7 | 985 | 87.9 | 72.8 | 53.6

WLA [ 99.9 | 99.6 | 98.8 | 91.3 | 77.4 | 58.0
2LA 199.9] 99.8 | 99.1 | 91.6 | 80.2 | 62.6

WLP | 9981 99.7 | 99.0 | 93.7 | 85.2 | 64.6
2LP 1998 | 99.7 | 98.6 | 93.2 | 85.1 | 64.7

6 Discussion

LIN practically eliminated the influence of the noise
for SNR=18 and 12dB, and also the error intro-
duced for testing clean signal was almost zero. With
the weighted DP algorithms, the recognition accu-
racy was kept higher than 90% for SNR> 6dB. The
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proposed one-step weighted algorithm showed almost
the same performance as the two-step one (slightly
inferior with autocorrelation SNR estimation and
slightly superior with periodicity as weighting coef-
ficient), although it had produced better results in
preliminary experiments with a different set of data.
Further work is in progress to investigate this finding.

7 Conclusions

The method has been shown to be effective in reduc-
ing the influence of white Gaussian additive noise,
although exhaustive tests to determine the optimum
training conditions (e.g. the minimum SNR) still
remain to be done. The weighted DP algorithms
helped to reduce the error rate, but its improvement
decreased when the SNR became more severe. The
proposed one-step DP matching has also been shown
to be effective in reducing the error rate, but further
studies are needed to delimit its efficacy.

The generalization feature of the LIN was able to
cancel the noise at SNRs different from those used at
the training procedure. Further tests will be carried
out to explore this generalization feature in cancelling
other poorly correlated noise.
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