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Abstract

Our previousdy proposed integration of time-frequency
principal components (TFPC) features and histogram
equalization (HEQ) has improved the performance of TFPC
features under mismatched conditions. To further enhance the
robustness of TFPC features, we herein propose to (a) replace
HEQ with another feature normalization technique,
progressive histogram equalization (PHEQ), (b) combine the
two-stage Wiener filter, and (c) add SNR-dependent
waveform processing into the feature extraction scheme.
Although with the same goal of reducing the performance gap
caused by noise, these algorithms mentioned above do
operate in different domains, and therefore their synergy
significantly improves the robustness of TFPC features.
Extensive experiments with respect to AURORA?2 database
are conducted to verify the effectiveness of each technique,
and the overall feature extraction scheme gives a relative
error reduction of 25.17 % over our previous proposal.

1. INTRODUCTION

The blueprint for the various applications of the automatic
speech recognition (ASR) technologies in the future has been
extensively laid out and its redlization has been highly
anticipated by many people [1]. But the recognition accuracy
aways plays the most dominating role when the realization of
real-world applications is considered. It is well known that the
recognition accuracy of ASR systems is very often seriously
degraded by the mismatch between the acoustic conditions for
the training and testing environments and, hence, robustness
for ASR technologies with respect to the acoustic environment
has always been akey issue in real applications.

Mel frequency cepstral coefficients (MFCC) have shown
consistently satisfactory performance over a wide variety of
application tasks. But the optimality for a specific application
task is not guaranteed. This is why many new approaches to
develop data-driven feature sets have been reported in recent
years with a goal that better performance can be obtained for
specific application tasks. The time-frequency principal
components (TFPC) features represent a good example along
this line, which have been shown to provide better
performance in some speaker identification and speech
recognition tasks than MFCC, but under matched conditions
[2, 3]. Our previous research also verified that when combined
with effective feature normalization such as histogram
equalization (HEQ) [4], TFPC features can demonstrate much
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better robustness under mismatched conditions [5]. In this
paper we proposed to combine the TFPC features with
progressive histogram equalization (PHEQ) which replaces
HEQ and integrate them with other proven effective
robustness techniques such as two-stage Wiener filter [6] and
SNR-dependent waveform processing [7] to obtain improved
accuracy. We first apply the two-stage Wiener filter to
spectrally alleviate most of noise effect and then SNR-
dependent waveform processing to enhance the overall SNR
and periodicity, this combination creates a more matched
environment, which is favorable for TFPC feature extraction.
And findly we use a feature normalization technique:
progressive histogram equalization (PHEQ) to finaly reduce
the residual mismatch. Experimental results with respect to the
AURORA2 database verified that improved performance in
the adverse circumstances can be actually achieved.

The remainder of this paper consists of 4 sections. TFPC
features, progressive histogram equalization, two-stage
Wiener filter, and SNR-dependent waveform processing are
very briefly summarized in section 2, the experimenta
conditions are described in section 3 and extensive
experimental results are presented in sections 4. Section 5
finally gives the concluding remarks..

2. THE FEATURE EXTRACTION SCHEME

Here we briefly summarize the components of the feature
extraction scheme proposed here.

2.1. Time-Frequency Principal Components (TFPC)

Because MFCC are not necessarily optimal for a specific
application task, many data-driven feature extraction
techniques were developed, for example via principa
component analysis (PCA), linear discriminant analysis
(LDA), or minimum classification error (MCE) criteria. Many
of such techniques utilize the concept of temporal filtering, or
filtering the temporal trajectories of the MFCC. In other words,
these techniques try to include a larger temporal span of the
speech features in some way optimized with a corpus
characterizing the application task [8].

Compared to the LDA and MCE, those approaches based
on PCA have the advantage that no transcription of training
data for classification purposes is required, although better or
similar performance can still be obtained [8]. Recently PCA
was further applied to the design of 2-dimensional data-driven
filters to obtain the time-frequency principal components
(TFPC) and very promising results were found under
matched conditions in speaker identification and speech
recognition [2, 3].



T T

Tl

L
‘"
i
L ]
kith -
FPC .
. LE |

Figure 1: The concept of TFPC feature extraction.

PCA is wusually used for dimension reduction and
decorrelation of feature coefficients. In this technique, K
eigenvectors corresponding to the K largest eigenvalues of the
covariance matrix of the original observation vectors are taken
as the principal components, usually K << N, where N is the
dimension of the original observation vectors. The projections
of the original N-dimensional observation vectors onto the K

eigenvectors are then taken as the K-dimensional new features.

It can be shown that any two new feature dimensions thus
obtained are statistically independent, and such a
transformation is optimal in the MMSE sense [9].

In most of the PCA-based temporal filtering approaches,
segments of the temporal trajectories of the same spectral or
cepstral parameters (e.g. MFCC) are taken as the original
observation vectors. In the TFPC technique proposed recently
and used here, on the other hand, a matrix of logarithms of
filter bank energies for a total of M different spectral
parameters and L temporal frames, which gives M x L = N
parameters, is used to construct the original N-dimensional
observation vector, ¢~ PCA performed on the covariance
matrix of a large ensemble of the observation vectors ¢~ then
produces a total of K N-dimensional eigenvectors, or TFPC,
which can be used to transform all the N-dimensional
observation vectors ¢ ~into K-dimensional new feature vectors
¢/ or the TFPC features. This process is shown in Figure 1.
In this way, the temporal and spectral variations of the speech
signals can be jointly considered in the new TFPC filtering.
This process can be repeated when the M x L processing
matrix is shifted on the 2-dimensional filter bank energies
frame by frame. This can be regarded as finding a “globally”,
i.e. both temporally and spectrally, optimal independent
feature set as an alternative to MFCC.

2.2. Progressive Histogram Equalization (PHEQ)

Histogram equalization (HEQ) [4] has been proved to be able
to provide significant improvements in speech recognition
under noisy environment, in which the cumulative distribution
function (CDF) of the feature parameters, usually evaluated
from an utterance, is normalized to a reference distribution
assumed for clean speech, usually Gaussian or some
distribution obtained in some way. The improvements
obtained in this way is often more significant than those
simply normalizing the mean or variance of the features [3, 4,
5]. In this paper, different from the conventional utterance-
wise normalization approach, we propose to perform the

histogram equalization (HEQ) over a reference interval
progressively moving with the present frame being considered.
This is based on the assumption that very often the additive
noise is time-varying, thus equalization with respect to the
short interval near the present frame makes better sense than
to a whole utterance. This approach is referred to as
progressive histogram equalization (PHEQ) here for simplicity.

Let X be a feature parameter extracted from a noisy speech

frame located at time t, the corresponding reference interval
can be defined to be between time indices s and e, where

s<t<e , ad we assume t=(S+€)/2 here for

simplicity. So [Xor Xerrron Xogr Xol are

n = e— s+ 1 temporally neighboring feature parameters
within the reference interval. Histogram equalization (HEQ)
can then be performed over this interval rather than over an
utterance. It should be pointed out that the length of the
reference interval, n, needs to be carefully chosen. If it is too
short, the distribution assumed for clean speech may not be
applicable. If n is too long, the statistical characteristics of the
non-stationary noise may vary substantially within the interval,
and the distribution of the feature coefficients can be seriously
disturbed. In this study, the reference distribution we chose
here is standard Gaussian, which is assumed to be a reasonable
model for the clean speech feature distribution.

Note that in this approach we do not need to sort the
features within the reference interval each time to obtain the
order statistics. When the reference interval moves by one
frame, only one feature parameter becomes missing and one
new feature is added. So we can simply remove the missing
one and insert the new one into the order statistics to obtain
the new order statistics to perform the next equalization
process. By doing so, the complexity is reduced from
0(n?)t0O(n).

There are also advantages of the proposed progressive
histogram equalization (PHEQ) over the utterance-wise
feature normalization approaches in terms of real-time
processing requirements. For the utterance-wise approach, the
processing can be performed only when the complete
utterance is received. But here with the proposed approach,
the processing can be in parallel with the waveform read-in
and feature extraction. The delay can in fact be substantially
reduced from the length of an utterance to half the reference
interval.

2.3. Two-Stage Wiener Filter

The two-stage Wiener filter [6, 10] handles the problem of
degradation in presence of additive noise. This novel
technique removes noise in two stages where the first stage
contains a VAD component for noise spectrum estimation and
the second stage handles the residual noise, which is assumed
to be white. The noise reduction is performed on a frame-by-
frame basis. The frequency domain Wiener filter coefficients
are calculated by using both current frame spectrum
estimation and noise spectrum estimation. The linear Wiener
filter coefficients are smoothed along the frequency axis by
using Mel filter bank, resulting in a Mel-warped frequency
domain Wiener filter. The impulse response of this Mel-
warped Wiener filter is obtained by applying a Mel IDCT
(Mel-warped Inverse Discrete Cosine Transform). For both
stages, after the impulse response is obtained, the input



Accuracy St A [SaB |Set C |Overdl
TFPC+HEQ 78.67| 80.11| 78.77| 79.18
TFPC+PHEQ 81.16| 83.19| 8198 8211
Error reduction (%) 11.67| 1549 15.12| 14.07

Table 1: Average word accuracy for different testing sets.

waveform signal is convolved with the impulse response,
producing the output waveform signal. The output waveform
of first stage is the input waveform of the second stage, and
the output waveform of the second stage is the input
waveform of further feature extraction procedure. More
detailed description of this agorithm can be found in the
literature [10].

2.4. SNR-Waveform Processing

The SNR-dependent waveform processing has also been
found useful in handling the noise in speech signals [7, 10]. It
tries to enhance the high SNR portion and attenuate the low
SNR portion of the noisy signa in the time domain. The
overal SNR of the noisy speech can thus be increased, and the
periodicity of voiced speech can aso be enhanced. The
estimation of SNR is based on Teager energy. The peaks of
temporally smoothed Teager energies are first identified for

locating the high and low SNR portions of the input waveform.

The waveform segments in high SNR portions are amplified
by afactor and the segments that fall in low SNR portions are
attenuated by a factor. More detailed description of this
agorithm can be found in the literature [10].

3. EXPERIMENTAL CONDITIONS

The experiments reported in this paper were conducted on the
database AURORAZ2. 10 different types of noises, as
representatives of real-world noises, were included in this
database. Here we use only the clean speech for the training of
HMM models. There are three sets of testing conditions in
AURORA2 tasks, each with different mismatched
environments, i.e., set A (subway, babble, car, and exhibition
noises), set B (restaurant, street, airport, and train station
noises), and set C (subway and street noises, with channel
effect). The clean speech datain AURORA2 consists of 8440
utterances of English connected digit strings, which were used
to train the K x N 2-dimensional parameters as shown in
Figure 1 to obtain the TFPC features. In this procedure, PCA
was applied to the logarithms of 23 Mel scale filter bank
energies with temporal span of length 5 centered at the current
time instant, i.e. M=23, L=5, and N= M x L=115 as in Figure
1. So 115-dimensional feature vectors ¢ “as in Figure 1 were
generated. The number of TFPC, K in Figure 1, is chosen to
be 39. The MFCC extraction follows the WI007 front-end,
which gives 13 coefficients (CO~C12 and log energy), which
are used to obtain the delta and delta-delta features for the
recognition task.

4. EXPERIMENT RESULTS

In the following sections, we first show that PHEQ is a better
feature normalization technique than HEQ when combined
with TFPC features, then conduct experiments to verify the

effectiveness of two-stage Wiener filter, and finally integrate
SNR-dependent waveform processing into our feature
extraction scheme. Additionally we compare the performance
of MFCC and TFPC featuresin 4.4.

41, Time-Frequency Principal Components (TFPC)
Features and Progressive Histogram Equalization (PHEQ)

Our previous research showed that integration of TFPC
features and effective feature normalizations could highly
enhance the robustness of TFPC features. Among the most
common utterance-wise feature normalization techniques,
histogram equalization (HEQ) provides best performance [4,
5]. In this section, the combination of TFPC features and HEQ),
which was our previously proposed configuration [5], serves
as a baseline experiment to evauate the performance of
progressive histogram equalization (PHEQ) as a feature
normalization algorithm combined with TFPC feature. The
length of the reference interval, i.e. N in 2.2, is here
experimentally set to 100, which roughly corresponds to one-
second time span, for best result. The accuracies for each
testing set and the overall accuracy are given in Table 1. The
improvement is evident in each case, and more significant for
additive non-stationary noise (most in set B) and
convolutional channel effect (in set C).

4.2. Effectiveness of the Two-Stage Wiener Filter

The two-stage Wiener filter (2WF) has demonstrated its
ability to suppress noise and substantially increase the
robustness of MFCC [6]; we now combine this novel
algorithm with TFPC features and progressive histogram
equalization (PHEQ) to evaluate its effectiveness in this new
task. The input waveform signal is first fed to the two-stage
Wiener filter to produce the de-noised output waveform, to
which the procedure of TFPC feature extraction is applied,
and finally the progressive histogram equalization (PHEQ) is
used to alleviate the residua mismatch. The length of the
reference interval is now tuned to 140. The experimental
results are listed in Table 2, where the performances are
obviously improved by this effective spectral noise reduction
scheme for every testing set.

4.3. Addition of SNR-Dependent Waveform Processing

SNR-dependent waveform processing was a temporal
robustness technique that enhances not only the overall SNR
but also the periodicity of the noisy speech. Although all aim
to reduce the negative impact resulting from the
environmental mismatch, progressive histogram equalization
(PHEQ), two-stage Wiener filter (2WF), and SNR-dependent
waveform processing (SWP) work in different domains, and
therefore can be well integrated for better robustness. In this
section, the raw input waveform is first processed by the two-
stage Wiener filter to produce the spectrally de-noised
waveform; the overall SNR and the periodicity of the de-
noised waveform is then enhanced by the SNR-dependent
waveform processing, resulting the output waveform for TFPC
feature extraction. Finaly the progressive histogram
equalization (PHEQ) is applied after feature extraction to
aleviate the residual mismatch. The length of the reference
interval for PHEQ is now set to 180. The addition of SNR-
dependent waveform processing provides observable
improvement for every testing set in Table 3.



Accuracy St A [SaB |Set C |Overdl
TFPC+PHEQ 8L.16| 83.19| 8198 8211
2WFHTFPC+PHEQ 83.05| 84.33| 83.06| 83.48
Error reduction (%) 10.03| 6.78| 5.99| 7.66

Table 2: Average word accuracy for different testing sets.

Accuracy St A |SaB |Set C |Overdl
2WHTFPC+PHEQ 83.05| 84.33] 83.06] 83.48
2WHSWP+TFPCHPHEQ | 84.60| 85.20, 83.47| 84.42
Error reduction (%) 9.14| 555 242 571

Table 3: Average word accuracy for different testing sets.

Accuracy St A [SaB |Set C |Overdl
TFPC+HEQ 78.67| 80.11| 78.77| 79.18
2WHSWP+TFPC+PHEQ | 84.60| 85.20| 83.47| 84.42
Error reduction (%) 27.80| 25.59| 22.14| 2517

Table 4: Average word accuracy for different testing sets.

S\R (dB) 200 15 10, 5 ©

TFPC+PHEQ 97.47|95.55/90.77| 77.31/49.46

MFCC+PHEQ 96.40|94.40|89.24| 78.07|54.96
(@)

SNR (dB) 200 15 10, 5 ©

2WHTFPC+PHEQ 97.28|95.40(90.59| 79.17|54.97

2WHMFCC+PHEQ 96.65|94.57|89.61| 78.57|56.24

(b)

SR (dB) 20 15\ 100 5 0
2WF+SWP+TFPC+PHEQ | 97.48| 95.64] 91.41| 80.99|56.61

2WHSWP+MFCCHPHEQ | 96.92| 94.96| 90.73| 81.17|60.09

(©
Table 5: Average word accuracy for different SNR conditions.

The comparison between our previous proposal and
current feature extraction scheme is also given in Table 4.

4.4. Comparison of MFCC and TFPC Features

We herein compare the performances of MFCC and TFPC
when integrated with (a) progressive histogram equalization,
(b) two-stage Wiener filter and progressive histogram
equalization, and (c) two-stage Wiener filter, SNR-dependent

waveform processing, and progressive histogram equalization;
the average accuracies of different SNR over all kinds of noise
are given in Table 5. The lengths of the reference intervals for
MFCC are also experimentally optimized in every single case.
The results clearly show that except for the most adverse SNR
conditions, TFPC features can provide better overall
accuracies, despite the fact that all the parameter tuning
involved in two-stage Wiener filter and SNR-dependent
waveform processing was done for MFCC, implying TFPC
features may worth more research attention.

5. CONCLUSIONS

In this paper, we propose a scheme which integrates the two-
stage Wiener filter (2WF), the SNR-dependent waveform
processing (SWP), and the progressive histogram equalization
(PHEQ) to improve the robustness of TFPC features. Brief
reviews of the algorithms are given, and the ability of each
component is experimentally verified. The synergy of the
mentioned methods provides the relative error reduction of
25.17% over our previous proposal, integration of TFPC
features and HEQ. Very promising experimental results were
obtained with  AURORA2 database.  Experiments
corresponding to MFCC, as control groups, show that TFPC
features may be worthy of further research.
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