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Abstract

The performance of most standard Automatic Speech
Recognition (ASR) systems degrades severely under noisy
environments, because they are usually trained with clean
speech data. There exist several speech enhancement or
compensation schemes that can improve the robustness of
ASR to different levels. In this paper, an effective feature
compensation method called In-phase Feature Induction (IFT)
is proposed. It makes use of the phase relationship between
the spectra of noisy input and the corresponding noise signal
to accurately obtain the clean speech spectrum. Experimental
results show that recognition systems with IFI compensation
yield much higher accuracy rates under various noisy
conditions compared with the Spectral Subtraction based
method.'

1. Introduction

Typical Automatic Speech Recognition systems using clean
data training have achieved satisfactory accuracy in controlled
environments. However, when ASR systems are deployed in
daily life or mobile applications, additive background noise
and channel distortion can severely degrade the recognition
performance. For example, an isolated word recognizer,
having 95% word accuracy in clean environment, was found
to attain an accuracy of only 30% when the signal-to-noise
ratio (SNR) dropped to 12 dB [1]. This is due to the mismatch
between the clean training data and the noisy testing inputs.
To improve the matching and reduce the environmental
influence on ASR, much effort has been taken to tackle this
challenging problem recently [1, 2, 3]. Generally speaking,
these methods can be divided into three categories, namely,
robust feature representation, speech or feature compensation
and model compensation for noise [3].

Among various methods, Spectral Subtraction (SS) has
been widely used for both speech enhancement and robust
speech recognition [4 - 7], which requires simple computation
and keeps high discriminability between recognition units [3].
However, SS is unable to derive the exact clean speech
spectrum, even if the noise magnitude spectrum is known. It
is because the phase relationship or the correlation between
spectra of clean speech and interfering noise is neglected.
Given the noise magnitude spectrum being known a priori,
the average word error rates of a digit string recognizer ranges
from 11% to 88% for different tuning parameters [8]. These
limit the usage of SS on ASR, especially when the noise
estimation is not accurate enough.
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In this paper, a spectral feature compensation method
called In-phase Feature Induction (IFI) is proposed, instead of
SS, to improve the robustness for ASR. IFI accurately
obtains the corresponding clean speech feature from a noisy
speech corrupted by additive noise. The compensation
problem is first reformulated and particular interests have
been put on the phase difference between complex spectra of
noisy input and interfering noise. This leads to a reasonable
assumption for this phase difference and gives an accurate
spectral estimation. A front-end compensation framework is
further suggested herein to evaluate IFI performance for
several noise estimates.

2. Review of spectral subtraction

Spectral Subtraction has been originally developed in [4] and
it has been widely used for speech enhancement. The
mathematical details and recognition performance will be
given in Section 2.1 and 2.3 respectively.

2.1. Mathematical details

Given a noisy speech input y(t), it is first windowed into
different segments and their corresponding short-time power
spectra are being computed. Assume the desired clean speech
x(t) is uncorrelated with the noise n(t), we can write

(1) = x(t) +n(1) (1
Py(a,t) =P (a,0)+ P, (a.1) 2)

where Py(, t), Py(w, t) and P,(, t) are the power spectrum of
y(t), x(t) and n(t) at frequency ® and time t respectively. The
subtraction is carried out by,

D(a),t):Py(a),t)—aPn(a),t)

b iy | D@D i D@.0)2 R (0.0)
(@.0)= BP,(w,f), otherwise

X
a>1, 0<f<1

| X (0.1)| = JP.(w.1) )

P,(w, t) is often the reference noise spectrum estimated by
some means. To further reduce background noise and
eliminate “musical noise”, oversubtraction and spectral floor
are implemented. o is the oversubtraction factor and B is the
spectral floor parameter, which normally take values of 1 to 4
and 0.005 to 0.06 respectively. [X(w, t)| is then input to the
standard feature extraction process.
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2.2. AURORA?2? corpus and recognition setting

The AURORA2 speech corpus is chosen for our recognition
experiments [9]. It is a database used to evaluate the
performance of ASR front-end algorithms under noisy
environments (8 noise types and 7 SNRs). The recordings
contain English connected digit strings artificially added with
certain type of noise under a given SNR.

Test set A is used, which contains 28028 testing
utterances corrupted by subway, babble, car or exhibition
noise. The acoustic models are trained by 8440 clean speech
samples. Typical mel-frequency cepstral coefficient (MFCC)
representation is used in the feature extraction part. It is
identical to the one defined in [9], except rectangular window
is used and no pre-emphasis is performed.

2.3. Recognition experiments

Two sets of recognition experiments are performed to
evaluate the performance of SS on robust ASR. As shown in
Section 2.1, SS requires a reference noise spectrum P (w, t).
Two estimators are used, including the known noise spectrum
and the weighted average method [10]. The known noise
spectrum is found by subtracting the noisy speech waveform
from the corresponding clean speech waveform and finding
the resultant spectrum. While the known noise spectrum acts
as an ideal estimator, the weighted average method is just a
simple and rough estimator.

2.3.1. Spectral compensation and energy compensation

The compensation process is done in the magnitude spectrum
domain. Besides the magnitude spectrum, the energy term £
in MFCC feature vectors is also compensated. By using the
Parseval’s theorem [11] for each segment,

2 1 . 2
Z|n(t)| =Ei|'|w(w,r)| do 5)

where [N (e.0)] = JP(0.0) (6)

the clean speech energy term £ is calculated by,

1 2
E=in Hf—— | |IN(w,t)| dw 7
Y bof - [[V@.0) %)
{ 2
If the two energies are equal, £ is set to 0.
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Figure 1: The noise compensated front-end system.

The delta and acceleration coefficients are computed by
using the compensated MFCC vectors. Fig. 1 shows a block
diagram of the compensation process.

2.3.2. Recognition results

The average accuracy of the SS compensated system over the
four noises is shown in Table 1. The baseline system refers to
the standard feature extraction without any compensation.
The overall average is calculated as the average over SNRs
between 0 and 20 dB.

. known weighted
SNR/ dB baseline P(o, ) average P, (o, f)

clean 98.87 98.87 98.46

20 90.61 98.44 82.05

15 77.84 98.16 68.76

10 57.19 97.55 47.37

5 33.12 96.10 25.54

0 13.50 92.27 10.68

-5 6.79 81.54 7.20
overall average | 54.45 96.50 46.88

Table 1: Average recognition accuracy of the SS
compensated system.

Comparing the three sets of recognition results, the SS
compensated system with known P (®, t) always provides
improvement over the baseline system, although it degrades
gradually when the noise level increases. When P (m, t) is not
known, but just estimated by the weighted average method, its
recognition performance is significantly affected by the wrong
estimate and the result is even worse than the one from the
baseline system in most cases.

3. In-phase Feature Induction (IFI)

The failure of SS for noise compensation is due to the
improper use of P,(m, t) and the coarse estimate of it. The
sections below illustrate how a better utilization of P, (w, t)
benefits noisy speech ASR.

3.1. Methodology

The complex spectra of y(t), x(t) and n(t) are related by,

Y(@.0)= X(e,0)+ N(@.0) @®)
L (@0 = | @0 ~[N@.0 ~2Refx (@.08 (@.0)] 9)

Consider in a segment, such a short period of time, the
removal of the critical cross-term 2Re{X(w, t)N"(®, t)} in SS
is inappropriate and results in a poor estimate of P w, t).
Re{e} represents the real part of {®}. Concerning the cross-
term 2Re{X(w, HN"(0, 1)}, we suggest the following
reformulation,

X (@0 =y @0 =[N (.0
—2Re{[Y(a),t) —N(w,t)]zv*(a),t)}
=¥ (.0 +|N (.0 —2Re{Y(w,t)N*(w,t)}(10)

=¥ (.0 +|N (.0
=2V (@.))N(@.1)|cos{LY (w.t) - LN (w,1)}



where £Y(m, t) and ZN(w, t) is the phase spectra of y(t) and
n(t) respectively. Fig. 2 depicts the plot of the phase
difference ZY(mw, t) - Z£N(m, t), together with the
corresponding cosine values of a SNR 10 dB noisy speech.
For illustration purpose, the respective clean speech is also

shown.
clean speech waveform
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Figure 2: Plots of the phase difference and the
corresponding cosine values versus time.

As the phase difference ZY(w, t) - £ZN(w, t) is always
negligible during non-speech periods, we assume Y(w, t) and
N(, t) are always in-phase and let the phase difference be 0.
Then,

IX(@.0]" =|r (@0 +|N (.0
= 2|V (@.0)N (@.1)|cos(0)
=V (@.0f =¥ (@.0N(@,0]+|N(@.0)

=[Ir(@.0|-|N@.0)f

Equation (11) gives the essence of the proposed In-phase
Feature Induction (IFI) method. IFI is different from SS in
that no speech signal is reconstructed, but the spectral features
are well compensated by the reformulation and the phase
(cross-term) contribution. While the in-phase assumption
between Y(w, t) and N(w, t) is highly accurate in non-speech
periods, ZX(m, t) - ZN(w, t) is always unknown. Therefore,
the phase difference £Y(w, t) - ZN(w, t) is used, instead of
ZX(m, t) - ZN(m, t) shown in (9). The following attempts to
compare and contrast the results attained by SS and IFI. Fig.
3 gives the compensated results using exact P (w, t) at
frequency around 938 Hz for the same noisy speech shown in
Fig. 2. Both SS and IFI perform well during speech period
and reduce the background noise level. It is observed that IFI
compensation greatly outperforms SS, especially in non-
speech periods, showing that the phase difference of the noisy
spectrum Y(w, t) and the interfering noise N(®, t) and the in-
phase assumption are critical.

3.2. Recognition experiments

Similar recognition experiments are performed as in Section 2
with both spectral and energy compensation applied, except
the IFI compensation is used.

Remind that rectangular window is chosen and there is no
pre-emphasis step in the feature extraction. This is because
both SS and IFI require an estimate of P (®, t). Generally,
windowing and pre-emphasis are not often adopted in
estimation methods. Therefore, we decide to skip these two
steps to maintain consistency between estimation and feature
extraction. The average accuracy over the four noise types is
shown in Table 2.
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Figure 3: Magnitude versus time using clean speech,
noisy speech, SS compensation and IFI compensation.

. known weighted
SNR/ dB baseline P(o, ) average P, (o, f)

clean 98.87 98.87 98.64

20 90.61 98.65 92.75

15 77.84 98.59 83.99

10 57.19 98.47 66.19

5 33.12 98.34 39.44

0 13.50 97.90 14.64

-5 6.79 97.19 7.23
overall average | 54.45 98.39 59.40

Table 2: Average recognition accuracy of the IFI
compensated system.

Regarding the recognition results of the IFI compensated
system, for known P, (w, t), there is nearly no degradation
found when the SNR decreases and an accuracy of 97% is
still achieved when SNR equals to —5 dB. With the rough
noise estimation from the weighted average method, the
recognition performance is better than the one from the
baseline system, especially when the SNR is above 0 dB.

4. Discussion

Comparing the average recognition accuracy of the two
compensation systems, when P, (®, t) is known a priori, the
performance of the SS compensated system is still affected by
the substantial noise level in low SNR conditions. The rate of
degradation is found to be much faster than the one from the
IFI compensated system. Note that inputs to the two systems
are totally identical; hence, SS cannot take the full advantage
of the accurate noise estimation for ASR. On the other hand,




IFI provides significant improvement with the help of the
phase difference information. When the SNR drops to a low
value, there is still some loss in accuracy. This is due to the
unknown phase relationship between Y(w, t) and N(m, t),
which is only necessary for exact spectral restoration, but may
not be needed for ASR.

The magnitude trajectory is well preserved at the
beginning and the end of speech. This is verified in Fig. 3. It
is expected that the number of substitution, deletion and
insertion errors should be substantially reduced in the IFI
compensated system. This is confirmed in the recognition
experiments and similar observations are shown in all types of
errors. The following analysis is for the insertion error. The
average number of insertion errors versus SNR plot is given
in Fig. 4. Table 3 lists out the average number of insertion
errors for the four types of noise from the three systems. They
are taken from the experiments with known P, (o, t).
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Figure 4: Average no. of insertion errors versus SNR.

noise type baseline SS IFI
subway 401.14 36.14 16.00
babble 898.29 47.14 16.57

car 447.57 37.29 20.71
exhibition 339.14 31.14 16.14
overall average 521.54 37.93 17.36

Table 3: Average no. of insertion errors for the four
types of noise.

With either compensation method, SS or IFI, the average
number of insertion errors is reduced. When the SNR
decreases beyond 10 dB, the amount of insertion errors found
in the SS compensated system quickly increases. On the
contrary, only a slight increase is found in the IFI system
under the same situation. Among the four types of noise, both
the baseline and the SS compensated systems suffer from
excessive number of insertion errors when it is a babble noise.
Owing to the speech-like property of babble noise, insertion
error is highly probable to occur. This phenomenon, however,
is not encountered in the IFI system and its numbers of
insertion errors are roughly the same.

When the unknown P (, t) is estimated by some means,
such as the weighted average method used, the noise
estimation accuracy is important to the recognition
performance. With rough estimation from the weighted
average method, the SS compensated system is greatly
affected and becomes worse than the baseline, but the IFI
compensated system is only degraded marginally. It is
believed that the proposed compensation method requires an
estimator with lower accuracy for P (®, t) than SS needs, to
provide similar recognition performance.

Regarding the methodologies of the two methods, IFI does
not require any parameter tuning, for instance, the
oversubtraction factor or the noise floor, thereby reduces the
computational load as well.

To conclude, an effective spectral compensation method,
called In-phase Feature Induction (IFI), is proposed to find
the clean speech magnitude spectrum from an input noisy
speech. The phase relationship between input noisy speech
and the background noise is exploited to estimate the
correlation of their spectra. With the prudent in-phase
assumption made, a better approximation for clean speech
spectrum is resulted. The reformulation is applied to an ASR
system and is found to be extremely effective under noisy
environments. Compared with the popular noise reduction
method SS, IFI shows superior performance in both known
and estimated noise power spectrum conditions.
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