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ABSTRACT

The problems of efficacy estimation in noise cancelling by
a neural net (LIN-Lateral Inhibition Net [5]) and the use
of this information in weighting matching algorithms are fo-
cused. Since the effect of noise on the speech signal is vari-
able and the backpropagation training algorithm is essen-
tially stochastic (most common patterns have more influence
in the weights re-estimation process), it is reasonable to sup-
pose that the LIN efficacy depends on the input and each
noisy frame could be associated to a reliability coefficient
that attempts to measure how reliable is the result of the
neural net processing. Isolated word recognition experiments
have shown that reliability weighting can result in a mean er-
ror rate reduction as high as 96, 80, 58 and 36 % at SNR=12,
6, 3 and 0dB, respectively, when the noise is white Gaussian.

1. INTRODUCTION

Many techniques have been proposed to try to solve the noise
sensitivity of speech recognition algorithms. Many of these
noise cancellation methods can be seen as a system that pro-
cesses a noisy input and produces an output with the influ-
ence of noise reduced. In all the approaches seen so far, the
efficacy of noise cancelling systems has been considered con-
stant in the sense that it is supposed that the noisy speech
signals are processed equally, independently of the segmental
SNR and the power spectral distribution. In [5], a technique
based on a noise cancelling neural net (LIN) and segmental
SNR weighting in acousting pattern matching algorithm was
proposed. However, further experiments showed that the im-
provement of SNR weighting depended on LIN training con-
ditions and suggested that the neural net noise cancellation
efficacy should be included in the weighting procedure.

The contributions of this paper concern: a) the estimation of
reliability in noise cancelling by a neural net; and b) combi-
nation of this reliability estimation with weighted matching
algorithms. This approach has not been found in the litera-
ture and seems sufficiently generic to be employed with other
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noise reduction techniques. A modified backpropagation al-
gorithm, that can reduce the number of iterations needed to
train LIN, is also proposed.

2. LATERAL INHIBITION NET (LIN):
A NOISE CANCELLATION NEURAL
NET

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 differ-
ent sensory systems and this concept was used to train the
noise reduction neural network, LIN (Lateral Inhibition Net),
employed in this research. Given:

e [F; the normalised log energy at the output of the filter
jin a bank of N filters;

o Ff=(Ef, E5 FE5, ... EY), frame ¢ of clean signal;

o FI' = (ET,EZ,E7, ..., EY), frame ¢ after it has noise
added;

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

LI(E;) = Ej+ f(E1, Ez, Es, .., EN) (1)
where the function LI() was approximated with multilayer
perceptrons with one hidden layer. The output function for
the hidden layer nodes was o(z) = 1/(14+€¢~7) 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 fedforward 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 [5]. The LIN was
trained with the following conditions that define the lateral

inhibition function:

LI(F!') ~ LI(F{)



All the weights of the neural net (except those on the feedfor-
ward connections from the inputs to the outputs which were
always equal to 1) were estimated with the classical back-
propagation algorithm with cross-validation [1]. The train-
ing data were made up of input-reference pattern pairs. Ini-
tially, the reference patterns were frames of clean signal, F;,
and the input patterns were generated adding white Gaus-
sian noise to FY at 4 different SNR’s ( Clean, 18dB, 12dB,
and 6dB ). Therefore, each frame F; originated 4 training
input-reference pairs. In a modified version of the training
algorithm, LI(F) was used instead of F¢ as reference pat-
terns.

2.1. LIN Training Database

Sounds that present low energy (typically fricatives) are the
first to be masked by corrupting signals, and using these
speech frames as training patterns could mean learning the
neural network with an information that is lost even for mod-
erate SNRs. In the results reported in this paper, energy was
used as discriminative parameter. Initially the maximum en-
ergy of the utterance was computed and then all the frames
that were below a given threshold from the maximum energy
were discarded. According to some preliminary experiments
a suitable threshold would be 25dB.

3. LIN AND RELIABILITY IN NOISE
REDUCTION

In recognition tests, reference (clean utterances) and testing
patterns (noisy utterances) are processed by LIN, and hence
in the acoustic pattern matching algorithm the local dis-
tances correspond to d[LI(Ff), LI(F]")] instead of d[F{, F[*],
where k denotes a reference frame and ¢ a test one. In the
experiments reported here, the distance function d was the
Euclidean metric.

A noise cancelling neural net can be seen as a system that
processes a noisy input and produces an output with the
influence of noise reduced. Since there are several levels of
distortions and the backpropagation training algorithm is es-
sentially stochastic (most common patterns have more influ-
ence in the weights re-estimation process), it is reasonable
to suppose that the LIN efficacy depends on the input and
each noisy frame could be associated to a reliability coeffi-
cient that attempts to measure how reliable is the result of
LIN processing. Due to the fact that the noise cancelling
depends on d[LI(Ff), LI(F]")] (the smaller this distance is,
the better is the noise influence cancelling), the reliability
coeflicient (r) could be related to this distortion by means of
the following function:

if d[LI(Ff), LI(FM)] < 6

1 ; <
r = [ 3 c n
At the recognition procedure, the clean version F¢ of the
noisy testing frame F}" is not available but, due to the fact
that the power spectral distribution of the corrupting signal

is known (white Gaussian noise), F{ can be set as a function
of I'" and the local SNR. After LIN has been trained, the
training data-base could be used to approximate the relation
between d[LI(FF), LI(F)], and F" and the local SNR. Con-
sequently, if the segmental SNR could be computed frame by
frame and given that F}" is available, the reliability coeffi-
cient could be estimated frame by frame during the recogni-
tion process.

3.1. Local SNR Estimation

If the noise is poorly correlated and uncorrelated with the
speech signal, 1t is possible to estimate the power of the clean
speech from the autocorrelation function of the noisy signal
[5]. Given that R;(m), R.(m) and R,(m) are the autocor-
relation functions of the noisy speech, the clean speech and
the noise signals, respectively, the following coeffficient can

be computed frame by frame:

R.(0)  R.(0)

Re(0) ~ Bnl0) + Ro(0) ®

1 if segmental SNR = oo; and n = 0 if
segmental SN R = —oo. R.(0) is estimated by means of ap-
plying some properties of the autocorrelation function and
quadratic interpolation [5]:

where n =

B(0) = 4x342_34a @

The coefficient n can be computed frame by frame because
it needs just the autocorrelation of the noisy signal at points
m=0, 1 and 2. Observe that the estimation of the noise
power in silence intervals is not needed and the method cap-
tures the dynamics of the speech and noise signals’ energy.
The segmental SNR and the coefficient n are related by the
following equation:

105N R/10

= 14 10SNR/10 (4)

3.2. Mean Distortions

As an approximation, it can be assumed that the distortion
d[LI(Ff), LI(F]")] depends exclusively on the local SNR. The
mean-distortion for each SNR may be estimated at the LIN
training procedure. Then, during the recognition process,
the distortion d[LI(Ff), LI(F)] for the frame F" with lo-
cal SNR equal to snr can be approximated by the mean-
distortion D.n, at local SNR equal to snr. Dg,, can be
computed for some SNR’s at the LIN training procedure and,
by means of linear interpolation, it can be estimated for other

values of SNR.

For the results presented in this paper, Dy, was computed
for SNR=18, 12, 6, 3 and 0dB by employing the LIN eval-
uation database, after LIN had been trained. During the
recognition procedure, the coefficient n was estimated by
means of the autocorrelation function (2)(3) and the curve



Denr X local SN R was mapped into the n domain by using
the equation (4). The constant § was made equal to 0.004, a
value that was shown to be suitable according to some tests.

4. MODIFIED BACKPROPAGATION
ALGORITHM

In the ordinary neural net training algorithm, the quadratic
error is computed between the reference F° and the output
LI(F]). However, the efficacy of LIN is related to the dis-
tortion d[LI(Ff), LI(F)]: the smaller d[LI(Ff), LI(F)]is,
the smaller should be the recognition error rate. As a conse-
quence, it can be interesting to include the condition of min-
imization of d[LI(Ff), LI(F!)] in the training algorithm in a
more explicit way. The minimisation of d[F, LI(F]")] leads
to the reduction of d[LI(FY), LI(F]*)], but this distance also
depends on the angle between LI(F{)—Ff and LI(F)—Ff.
In the modified algorithm, the clean signal F¢ was replaced
with LI(Ff) as the reference for the noisy frames, and the
quadratic error was computed between the reference LI(FY)

and the output LI(F]").

At the ordinary LIN training algorithm (BLT, Backpropaga-
tion LIN Training), in each epoch the backpropagation min-
imizes the quadratic error of the following sequence of pairs
reference-output: a) FY and LI(Ff); and b) Ff and LI(F]),
for all the local SNR’s included in the training database.

At the modified training algorithm (MLT, Modified LIN
Training), in each epoch the backpropagation minimizes the
quadratic error of the following sequence of pairs reference-
output: a) FfY and LI(FY); and b) LI(Ff) and LI(FT), for
all the local SNR’s included in the training database. This
is more coherent with the conditions that define the lateral
inhibition function (see section 2). It is interesting to high-
light that the reference is not constant as in the ordinary
backpropagation algorithm, but it is modified iteration by it-
eration because LI(F{) depends on LIN, and LIN’s weights
are re-estimated each time that a reference-output pair is
presented to the training algorithm.

5. EXPERIMENTS OF WORD
RECOGNITION

5.1. Database and Pre-processing

The proposed methods were tested with speaker-dependent
isolated word (English digits from 0 to 9) recognition exper-
iments. The tests were carried out employing the two speak-
ers (one female and one male) from the Noisex database.
The isolated clean words were automatically end detected
and generated the database used in this research. For each
speaker, the 100 training clean utterances (10 repetitions 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, as
explained with more details in [5], by adding white noise at

6 global-SNR levels: clean speech, +18dB, +12dB, +6dB,

+3dB and 0dB. 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 Hgz,
and down sampled from 16000 to 8000 samples/sec. The
band from 300 to 3400 Hz was covered with 14 Mel 2nd or-
der IIR digital filters. The normalised log energy of each
filter was an input of LIN as explained in section 2. After
LIN processing 10 cepstral coefficients were computed.

5.2. Training the Neural Net

For each speaker, 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 performance of LIN. Several train-
ing conditions (learning rate, initial weights and data base)
were tested and the one that gave the best results on the test
data was chosen. For each speaker, the LIN training vari-
ables were kept constant in order to compare the MLT and
BLT algorithms at the same conditions.

5.3. Results

The results presented in this paper were achieved with 1000
recognition tests for each SNR: 10 reference sets x 100 test-
ing utterances. The following configurations were tested: the
ordinary DTW algorithm [2] with cepstral coeflicient with-
out (DP-C) and with (DP-L) LIN processing; the proposed
weighted DP algorithm [5] with LIN processing, (DPW-D)
with the mean-distortions method for reliability estimation
and (DPW-n) with local SNR weighting; and finally, the two-
step DP matching [3] with LIN, (DP2-D) with the mean-
distortions method for reliability estimation and (DP2-n)
with local SNR weighting. The recognition error rates are
presented in tables 1 and 2 for the female speaker, and in
tables 3 and 4 for the male one. For the female speaker, LIN
was trained with 6132 and 3869 iterations with the BLT and
MLT algorithms, respectively. For the male speaker, LIN
was trained with 7403 (BLT) and 1702 (MLT) iterations.

6. DISCUSSION

LIN showed a substantial reduction in error rates even with-
out rehability weighting. LIN with the ordinary DTW algo-
rithm (DP — L) practically eliminated the influence of the
noise at SNR=18 and 12 dB, and resulted in a mean reduc-
tion of 86, 69 and 48% at SNR=6, 3 and 0dB, respectively.
Moreover, the error introduced for clean testing signals was
almost zero.

As can be seen in tables 1 and 2 (female speaker) and tables
3 and 4 (male speaker), the reliability coeflicient estimated
with the mean-distortion method gave a greater reduction in
the error rate than the SNR weighting in all noisy conditions.
When LIN was trained by means of the MLT algorithm, the
reduction due to reliability weighting was as high as 100, 83



and 56% at SNR=12, 6 and 3dB, respectively, while the SNR
weighting resulted in a much smaller reduction in most of the
cases and even in an increase of the error rate in other cases.

Table 1: Recognition error rate (%) for the female
speaker. LIN was trained with the BLT algorithm.
SNR || Clean | 18dB | 12dB | 6dB | 3dB | 0dB ]
DP-C 0.1 3.5 31.9 67.0 | 70.6 | 75.6
DP-L 0.1 0.1 1.2 11.5 | 31.9 | 53.5
DPW-D 0.2 0.1 0.1 4.0 17.2 | 33.3
DPW-n 0.1 0.4 1.0 6.4 26.0 | 43.9
DP2-D 0.1 0.0 0.1 3.5 15.9 | 32.1
DP2-n 0.1 0.2 0.4 4.0 20.6 | 38.2
Table 2: Recognition error rate (%) for the female
speaker. LIN was trained with the MLT algorithms.
SNR || Clean | 18dB | 12dB | 6dB | 3dB | 0dB ]
DP-C 0.1 3.5 31.9 67.0 | 70.6 | 75.6
DP-L 0.1 0.2 0.6 5.9 10.6 | 24.5
DPW-D 0.1 0.0 0.0 0.7 | 6.1 | 17.9
DPW-n 0.1 0.1 0.3 3.0 9.5 30.1
DP2-D 0.1 0.0 0.0 0.5 5.6 17.6
DP2-n 0.1 0.1 0.1 2.3 6.5 23.6
Table 3:  Recognition error rate (%) for the male
speaker. LIN was trained with the BLT algorithm.
| SNR || Clean ]| 18dB | 12dB | 6dB | 3dB | 0dB |
DP-C 0.0 16.8 499 65.1 | 69.4 | T4.6
DP-L 0.3 0.4 1.6 9.8 21.9 | 41.8
DPW-D 0.1 0.1 0.1 1.3 6.3 24.6
DPW-n 0.5 0.5 3.4 10.4 | 20.6 | 43.4
DP2-D 0.1 0.1 0.2 1.2 6.6 25.2
DP2-n 0.3 0.1 1.7 8.2 17.2 | 38.9
Table 4:  Recognition error rate (%) for the male
speaker. LIN was trained with the MLT algorithm.
| SNR || Clean]| 18dB | 12dB | 6dB | 3dB | 0dB |
DP-C 0.0 16.8 499 65.1 | 69.4 | T4.6
DP-L 0.0 0.6 2.7 9.2 22.6 | 38.2
DPW-D 0.1 0.0 0.0 2.2 | 7.8 | 241
DPW-n 0.5 0.8 3.3 11.5 | 22.0 | 36.1
DP2-D 0.1 0.0 0.0 2.3 7.8 24.8
DP2-n 0.3 0.0 0.9 8.5 17.7 | 31.6

The one-step weighted algorithm proposed in [5] showed al-
most the same performance as the two-step one [3] with the
reliability coefficient, but resulted in a poorer improvement
when the SNR estimation was used as a weighting parameter.
This must be due to the fact that in the one-step algorithm
the influence of a frame on decisions must be proportional
to its weighting coefficient, and the reliability coefficient in-
cludes not only the information concerning the segmental
SNR, but also the LIN characteristic in the form of the mean-
distortion curve, and provides a more accurate estimation of
the reliability of the information extracted from each frame.

According to tables 1-4, the reliability coefficient as a weight-
ing parameter gave the best results, with the MLT algorithm
for the female speaker and with the BLT algorithm for the
male one. However, the MLT algorithm kept the error rate
below 2.5% at SNR=6dB and below 10% at SNR=3dB for
both speakers.

7. CONCLUSIONS

The combination of LIN and weighted DP algorithms proved
to be effective in reducing the influence of white Gaussian
noise, and the error introduced for clean testing signals was
almost zero. The reliability coefficient gave better results
than the SNR estimation as a weighting parameter and this
must arise from the fact that this coefficient takes into ac-
count not only the local SNR estimation but also the char-
acteristic response of LIN in the form of the mean-distortion
The weighted DP algorithms helped to reduce the
error rate, but its improvement decreased when the SNR be-
came more severe. The one-step DP matching proposed in
[5] was also shown to be effective in reducing the error rate,
and led to approximately the same error rates as the two-step
matching [3] when the reliability weighting was used. The
reliability coefficient as a weighting parameter seems to be
a generic approach and could be employed with other noise
cancelling techniques.

curve.

A drawback of LIN is the strong influence of training con-
ditions (learning rate, initial weights and data-base) in the
final results and several configurations had to be tested. In
this sense, the inclusion of the reliability coefficient seems
to be an important advance because it caused a reduction of
the error rate in all the cases, independently of the training
configurations. Future work includes the generalization of
LIN structure to other types of noises, adaptation to new en-
vironments and a more generic estimation for the reliability
coeflicient.
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