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Abstract

Handsfree speaker input is mandatory to enable safe operation
in cars. In those scenarios robust speech recognition emerges
as one of the key technologies to produce voice control car
devices. Through this paper, we propose a method of
processing speech degraded by reverberation and noise in an
automobile environment. This approach involves analyzing
the linear prediction error signal to produce a weight function
suitable for being combined with spectral subtraction
techniques. The paper includes also an evaluation of the
performance of the algorithm in speech recognition
experiments. The results show a reduction of more than 30%
in word error rate when the new speech enhancement front-
end is applied.

1. Introduction

Speech produced and captured in a running car is perturbed by
noise and reverberation. The resulting signal may exhibit a
negative SNR, being such conditions a real challenge for
currently available speech recognition algorithms. An
additional difficulty is that for speakers is desirable not to
wear proximity microphones. Moreover, in a car may be more
than one active speaker at a given time (e.g. driver and
copilot).

When dealing with reverberant signals the main objective of
processing is to increase the contribution of the direct
component relative to the reverberant component [1]. Several
multimicrophone methods have been proposed for
enhancement of speech degraded by reverberation in car
environments [2]. Microphone array based methods attempt to
enhance the signal in a particular direction and suppress
signals arriving from the other directions. Usually, Array
Beamforming is combined with other techniques as
Independent Component Analysis [3], Spectral Subtraction [4]
or Linear Prediction Analysis [5].

A significant number of approaches take advantage of the LP
residual signal [6], [7]. For clean voiced speech, LP residuals
have strong peaks corresponding to glottal pulses, whereas for
reverberated speech peaks are spread in time. Therefore, a
measure of amplitude spread of LP residual can serve as a
reverberation metric. Besides, manipulation of the residual
signal is more appropriate for short segments, as the residual
samples are nearly uncorrelated. On the other hand, when
speech signals are handled directly, the choice of window size
and shape affects significantly the performance.

Through this paper, a speech enhancement system based on
the use Linear Predictive error signal for reverberation and
noise estimation purposes, and its application to Spectral
Subtraction techniques [8] is presented. This method is
intended to be a pre-processing stage of a binaural system [9]
devoted to Robust Speech Recognition in automobile
scenarios, as presented in Figure 1.
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Figure 1. General framework of a two-
microphone system devoted to robust speech
recognition with directional source separation
capabilities.

2. Reverberation and noise detection with LP
residual signals

The detection of the reverberation and noise existing in
portions of speech is achieved following the steps presented in
Figure 2. Firstly, a measure of the kurtosis of the signal is
estimated. The kurtosis function in not calculated from the
speech signal itself, but using the linear-prediction analysis
error signal. On a second step, kurtosis function is smoothed
and mapped into a final weight function that represents the
degree of degradation existing in the original signal.

2.1. Kurtosis estimation

The linear prediction residual signal e;p() is calculated
applying the autocorrelation method to a speech frame of 20
ms. Previously, a Hamming window is applied. The order of
the analysis depends on the sampling frequency. In our study,
the sampling frequency is 8kHz so that 10™ order is enough.
In Figure 4 may be seen the resulting signal extracted from a
corrupted speech utterance presented in Figure 3.



Speech window

Sult)

LP error signal
Micropone inpput e.p(t)
s(t)

@ Hamming
Windowing

LP
Analysis

Smoothed Kurtosis

LP based
Subtraction Weight
wi

tanh
Mapping

Kurtosis
Estimation

Figure 2. Algorithmic structure for the calculation of the
LPSW from the LP residual signal.

In a following step, e;p(?) is blocked into 40 ms frames with
an overlap of 20 ms. Kurstosis values k, are then estimated for
every block by:
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As it is shown in Figure 5, the value is |,| is then repeated as
many times as the number of input samples contained in a 20
ms frame. This will produce a new function k(#) defined for
each sample. Finally, k(?) is smoothed by mean filter with 512
samples (see Figure 6).

2.2. Linear Predictive Subtraction Weight

To calculate the Linear Predictive Subtraction Weight
(LPSW), the smoothed function is mapped in the range [0.0,
1.0] using the following expression:

L, tanh(2 - (k, () - 0)] @)
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w(t) being the desired output weight factor at time ¢, 1 a
weight gain factor and 6 a threshold indicating the minimum
kurtosis value linked with speech segments. This mapping
function is shown in Figure 8.

3. Spectral subtraction

To implement the filtering in the spectral domain, the LPSW
will be considered a relevant estimator. The procedure we
proposed may be seen in Figure 9.

First of all, the input signal s(?) is segmented in overlapped
windows and transformed into the frequency domain using the
short-time Discrete Fourier Transform FY{. }:

S =S(m)= Fis(n)w(n)} )

where w(n) is the window function, and » and m are the time
and frequency indices.

In a first step, the log power of the signal is computed for
every frequency channel:

Slog(m)zloglo(H S(m)Ha), OSmSMA_l 4)

being and M the window size and m the frequency index.

After that, these values are passed to a filter with exponential
decay given by:

Figure 3. Segment of reverberant and noisy speech which has
embedded an utterance produced of female speaker.

Figure 4. Linear Predictive error signal associated to the
signal represented in Figure 3.
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Figure 5. Estimation of kurtosis associated to the signal in
Figure 4 (vertical axis values multiplied by 100).
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Figure 6. Smoothed kurtosis function (vertical axis values
multiplied by 100).
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Figure 7. Weight function computed from the mapping of the
smoothed kurtosis function (vertical axis values multiplied by
100).

Figure 8. Mapping function used for estimation of LPSW with
A=5.0and 0= 0.7.
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where o is a coefficient that controls the log-power rate update
and y is a gain factor, close to 1.0, which allows increasing the
amount of cancellation.

Once we have adapted the incoming signal energy, the
calculation of the subtracting-signal at frame index n and
frequency index m or g,(m), is accomplished by a new
exponential decay filter controlled by the LPSW previously
studied:

g,(m)=(1-w,)gs(m)y+w,(m)g,, (m) ©)

As may be noticed, the above expression implies that a weight
equal to 1.0 prevents from updating the estimation of g,(m) at
all. On the other hand, a weight close to 0.0 produces a fast
adaptation.

Finally, the exact amount to be subtracted is generated and the
subtraction itself is performed, producing an enhanced signal
in the time domain z(?):

G(m)=10%" (7)

|Z(m)* =S, (m)|" —G(m) (8)
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Figure 9. Structure of the spectral subtraction module that
exploits the LPSW estimator.

4. Results and discussion

In a practical experiment shown in Figure 10 through Figure
14, the processing of a speech trace produced by a male
speaker in a car environment is presented. Figure 10 shows a
speech utterance corrupted by reverberation and noise. Figure
11 contains its associated spectrogram. After a first step, the
LPSW is extracted (see Figure 12). As it may be seen, the
measure provided by the weight derived from the LP residual
signal is not completely accurate. However, it constitutes a
reliable estimator for a further spectral subtraction process.
The output of the frequency domain processing produces a
new trace given in Figure 13, being its power spectrum the
representation shown in Figure 14. These two figures give a
clear idea of the potential both methods when combined.

Figure 10. Degraded utterance of several connected digits
produced by a male speaker.

Figure 11. Power spectrum of the signal presented in Figure
10.
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Figure 12. LPSW estimation associated to the speech signal
contained in Figure 10 (vertical axis values multiplied by
100).
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Figure 14. Power spectrum of the signal in Figure 13.



In order to examine the validity of the method proposed,
several speech recognition systems are built and tested. A
subset of the Aurora3-SpeechDat Car Finnish database [10] is
used for these purposes. The corpus, which contains
realizations of connected digits uttered in a realistic
automobile environment, is divided in two different groups:
train and test. Each group has three different categories related
with the amount of distortion contained in the recordings:
quiet, low, and high. In our experiments, we use the
recordings associated to channels c¢h2 (microphone placed at
the ceiling of the car in front of the speaker behind the
sunvisor) and ch3 (microphone installed at the ceiling of the
car over the mid-console and near the rear mirror). As it may
be noticed, that configuration is exactly the same we
previously introduced in Figure 1.

The recognition experiments are established by selecting
different material from the training set of the database: set 4
includes files labeled as quiet, set B incorporates also files
with low distortion and, finally, set C comprises all the
training material available. The test material is the same for
the threes cases and consists on 3126 files. The front-end
extracts energy plus 36 MFCCs (12 cepstrum, 12 delta
cepstrum and 12 delta-delta coefficients). The HMMs are built
with 16-state whole word models for each digit in addition to
a begin-end model and a word-separation one. Finally, models
have 3 diagonal Gaussian mixture components in each state.

Table 1 and Table 2 present accuracy results when the method
proposed in this paper is applied as a pre-processing stage to
the same front-end. As it may be seen, the improvement is
significant for both channels and the three training sets.

Original Deletions | Substitutions | Insertions WER
Train set A 104 491 916 | 48.34%
Train set B 62 71 234 | 11.74%
Train set C 62 53 196 9.95%

Enhanced | Deletions | Substitutions | Insertions WER
Train set A 85 186 701 | 31.09%
Train set B 41 44 116 6.43%
Train set C 37 43 163 1.77%

Reduction | Deletions | Substitutions | Insertions WER
Train set A 18.27% 62.12% 23.47% | 35.67%
Train set B 33.87% 38.03% 50.43% | 45.23%
Train set C 40.32% 18.87% 16.84% | 21.86%

Table 1. Recognition results for microphone ch2.

Original Deletions | Substitutions | Insertions WER
Train set A 271 204 275 | 23.99%
Train set B 80 47 172 9.56%
Train set C 70 51 208 | 10.52%

Enhanced | Deletions | Substitutions | Insertions WER

Train set A 87 130 287 | 16.12%
Train set B 36 35 110 5.79%
Train set C 29 41 141 6.75%
Reduction | Deletions | Substitutions | Insertions WER

Train set A 67.90% 36.27% -4.36% | 32.80%
Train set B 55.00% 25.53% 36.05% | 39.46%
Train set C 58.57% 19.61% 32.21% | 35.87%

Table 2. Recognition results for microphone ch3.

5. Conclusions

The combination of Spectral Subtraction techniques with the
Linear Predictive Subtraction Weight (LPSW), extracted from
LP residual signal, constitutes an efficient approach to the
speech enhancement problem in noisy and reverberant
environments, as no a priori knowledge of the working
framework is required. Speech recognition experiments
carried out with real data taken form the Aurora3 database
show a reduction in word error rates higher than 30% on
average.
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