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Abstract
The subject of this work is a statistical feature enhancement
technique for robust speech recognition applied to the logpower domain after the application of the Mel filterbank. The
proposed approach makes use of a state space formulation that
involves a random walk model for the evolution of the
underlying clean features and a non-linear observation model
that connects the noisy features with noise and clean speech.
The novelty of the proposed approach is that a) both
observation and state noise are shown to be heavy-tailed and
are subsequently modelled using a mixture of Gaussians, b) a
sequential Monte Carlo filter is employed to approximate the
posterior probability of clean speech thus avoiding
linearization of the non-linear observation model as in the case
of algorithms that perform iterative approximations. The
efficiency of the approach is illustrated when additive white
Gaussian (AWGN) or babble noise is present in low signal-tonoise ratios (SNR).

1. Introduction
Although automatic speech recognition has reached the state
of launching commercial products, the real-world environment
is still a challenge for the available technology, due to the
acoustic mismatch between training and operational
conditions. The acoustic disparity is mainly due to different
transmission channels used to access the recognition system
and the variety of environmental conditions in which the
communication takes place.
Sequential Monte Carlo sampling techniques (a.k.a particle
filters) have been introduced to speech enhancement to
estimate the parameters of a time-varying autoregressive
process [1] or to sequentially estimate time-varying noise [2]
among others. In this work, we demonstrate the applicability
of particle filters for estimating the posterior probability of
clean speech features. The features are in the log-spectral
domain after the application of the Mel-filterbank and prior to
the discrete cosine transform that maps them to cepstral
coefficients. Recently, a series of successful feature domain
enhancement techniques based on the same non-linear
distortion model have been proposed [2]-[6]. The present
work adopts this distortion model and introduces the following
three extensions: a) the underlying speech log spectral vectors
(i.e., the state vectors) are not assumed to be uncorrelated from
frame to frame but they are modelled to evolve as a random
walk model, b) the residual error in the log spectral domain
from modeling the power spectrum of noisy speech as the sum

of the power spectra of noise and speech (i.e., the observation
error) as well as the state error are shown to be heavy-tailed
and are modelled with a mixture of Gaussians instead of a
single Gaussian as in [4]-[6], c) the non-linear model is not
linearized to allow for the calculation of clean features; rather,
a simulation based method is employed to approximate and
track the posterior probability distribution of the log-spectral
vectors of speech using random samples with associated
weights. Finally, we obtain the minimum mean square error
(MMSE) estimate of the log-spectra of clean speech.

2. State Space Modeling
Assuming noise is uncorrelated to speech and the channel is
linear, time invariant and independent of the signal level, we
can derive the power spectral representation of the time
domain signal using the short time Fourier transform. This
work does not take into account the channel effect, therefore:
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where cosșk is the angle between Xk and Nk and k denotes the
frequency band. After applying the Mel-scale filters which
inflict a linear transform on the power spectrum (1) becomes:
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where, m=1,2,…M denotes the filter bank channel and Ȝm is a
scalar value bounded between (-1, 1) (see e.g., [5]). After
applying the logarithm on the filter bank energies we need to
define the following vectors:
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The application of the logarithm leads to a non-linear equation
that describes the distortion of the Mel log-power spectrum
due to noise [2]-[6] for every frame t.
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The measurement error can be easily shown to be
wt=Ȝ/cosh((nt-xt)/2) (see [4]-[6]) and is usually modeled as a
zero mean Gaussian to simplify the mathematical formulation.

However, in section 2.1 we demonstrate that this error actually
follows a heavy-tail distribution and is better modeled with a
mixture of zero-mean Gaussians. The inference framework
based on simulation techniques allows a more complex error
model without the complication that a closed form solution or
an approximate linearization of (3) would impose.
Furthermore, the evolution of the clean features from frame to
frame is allowed to have a correlation through a discrete-time
random walk model:
(4)
xt xt 1  v t
where t is the frame index. In section 2.1 we demonstrate that
the process noise v also possesses a heavy-tail distribution.
Equations 3 and 4 introduce a state-space formulation where
both measurement and process errors are modeled as mixtures
of zero-mean Gaussians.
2.1. Modeling the Error Distributions
In order to investigate the empirical distribution of the residual
error of (3) and (4), namely w and v, we used a number of
clean speech recordings from SpeechDat database (~ 30 min,
silence part removed) which was subsequently corrupted with
white Gaussian noise. Since x, y, n were made available for
this corpora we calculated the distribution over all t of the
errors xt-xt-1, and yt-(xt+g(nt-xt)). In Fig. 1a and Fig. 2a we
depict the result of fitting a single Gaussian and a mixture of
Gaussians to the normalized histogram of the process and
measurement errors of a single filter bank output. One can
observe the sub-optimality of the single Gaussian modeling
approach in modeling the heavy-tailed empirical pdf. All logpower bands hold similar patterns for both error types.
Subsequently, we derive QQ-plots of process and
measurement error observations. The QQ-plot is an empirical
plot of the ordered quantiles of a data set versus the quantiles
of a standard Normal distribution. The purpose of the quantilequantile plot is to determine whether the sample is drawn from
a Gaussian distribution. If a normal QQ-plot is fairly linear
this is an indication that the underlying pdf is normal. The
examination of the QQ plots as depicted in Fig. 1b and Fig. 2b
reveals that the errors are linear around the origin, indicating
that the distributions are Gaussians around their mean.
However, the direction of the curvature exhibited in Figs. 1b
and 2b indicates that the data are non-Gaussian and that the
distributions are in fact heavy-tailed. The observations in the
tail region could have a considerable influence especially on
those algorithms that make use of the covariance matrix which
is quadratic [5]-[6]. The state and measurement errors are
modelled as a Gaussian mixture with two zero-mean
components and fixed variances ȥ0,s, ȥ1,s, and ȥ0,m, ȥ1,m
respectively. The first component having a small variance aims
at capturing the Gaussian nature of the errors, while the
component with the large variance is used to model the nonGaussian nature of the errors. The variances are tuned using
training corpora of uncorrupted speech features extracted from
the SpeechDat data and a standard form of the expectationmaximization algorithm for training the Gaussian mixtures.
Noise power on per-frame basis nt is estimated as described
in section 2.3. The mixture distributions have the form:
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Figure 1: a) Normalized histogram of process error and fitted
mixture of Gaussians and single Gaussian pdfs for filter bank
10, b) QQ plot of process error for filter bank 10

(5)
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where ʌs , ʌm denote the mixture weights, therefore, ʌs , ʌm ɽ

Figure 2: a) Normalized histogram of measurement error and
fitted mixture of Gaussians and single Gaussian pdfs for filter
bank 18, b) QQ plot of measurement error for filter bank 18

(0, 1). A random variable of this mixture distribution can be
generated by first selecting uniformly a sample S from the
interval (0, 1). If S > ʌs, then p(xt|xt-1) is generated by an
independent sample from N(xt;xt-1,ȥ0,s); otherwise, the
requested variable is a sample from N(xt;xt-1,ȥ1,s).
The initial vector x0 is drawn from p(x0) which follows the pdf
of a 256 diagonal covariance components GMM trained with
the 23 dimensional uncorrupted feature vectors extracted from
the available 30 minutes speech recordings.
In this work we present experimental results for two cases,
a) each spectral band is treated as an independent time-series
and a GMM is fitted to each band and,
b) the 23-dimensional log-spectral vector is partitioned to
blocks of bands namely bands 1-6, 7-12, 13-18 and 19-23 (i.e.,
three 6-dimensional and one 5-dimensional block).
Subsequently, the enhancement algorithm is applied to each
block independently. The particle filter failed to provide
reliable results when the GMMs of (5) and (6) model the 23dimensional log-spectral state, a fact that is attributed to the
high dimensionality of the state vector.
2.2. Bayesian Formulation
Based on the state equation (3) and (4), the optimal estimator
in the minimum variance sense, is provided by E[xt|y1:t]. The
problem of assessing this conditional expectation is strictly
connected to the computation of p(xt|y1:t) which is obtained by
a two-step procedure of prediction and update. The prediction
step is given by the Chapman-Kolmogorov equation (see e.g.,
[7]):
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see e.g. [7]. The posterior density of the
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To reduce the effect of degeneracy, a resampling procedure is
applied in order to eliminate particles that have small weights
and to concentrate on particles with large weights [7].
A lowest threshold is applied to the sampling procedure to
restrict probagation of particles below a certain log-power
value, since very low values achieved in the silence parts are
found to affect the cepstral mean normalisation procedure.
This threshold is tuned based on the mean of the minimum
log-power value observed in the uncorrupted recordings of the
speech database used to train the recognition engine. The
particle filtering procedure in the framework of the log-power
spectrum enhancement of speech is described in Table 1.

¦

N
i
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x Output x t as the mean value of the resampled set
Table 1: Generic particle filter for log-spectrum enhancement
2.3. Noise Estimation
The proposed framework requires the estimation of Mel-log
noise power. We made use of a statistical voice activity
detector (VAD) as described in [8]. This VAD makes the
assumption that the DFT coefficients of speech and noise are
asymptotically independent, circular, zero mean Gaussian
random processes. The noise estimation task proceeds with the
consideration that in each frame speech can be absent
(hypothesis H0) or present (hypothesis H1). The likelihood
ratio for the k frequency band of linear spectrum and frame t is
based on the probability density functions conditioned on H0
and H1 namely p(Xt,k|H0) and p(Xt,k|H1) and is given by
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The pdf p(xt|y1:t) is represented by a set of support points with
associated normalized weights (i.e. discrete probability
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and the update through the Bayes rule:
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assuming that noise power is slowly varying we set
J t ,k Yt ,2k / Nt 1,k . The term X t ,k can be calculated by applying
the Ephraim-Malah gain function [8] but for the need of VAD
we found simple spectral subtraction equally efficient while
much faster. The VAD decision on per-frame basis is based on
the mean of the likelihood ratios for the individual frequency
bands, which is given by:

if
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where D is the number of spectral bands and Ș is the loglikelihood threshold derived from the initial noise-only
segments. When a frame is labeled as noise-only the spectral
power vector is passed unaltered to the noise vector. During
speech presence the noise variance is updated using the
following expression:
(8)
N t , k E N t 1,k  1  E Yt , k  X t ,k .

where ȕ=0.8. Subsequently the noise vector is passed through
the Mel-filterbank to provide the estimation of the log noise
power nt that is used in (6).

3. Speech Recognition Experiments
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Figure 3: Word Recognition Acc. (%) under Gaussian noise
corruption.

Recognition accuracy (%)

For the evaluation of the proposed algorithm we used a speech
recognition module built with HTK Hidden Markov Models
toolkit. The basic recognition units are tied state, context
dependent triphones of five states each. In order to train the
reference recogniser we used the SpeechDat-II database of
utterances and their associated transcriptions [9]. We made use
of the utterances taken from the C3 credit card number corpus
and L1-L3 spelled words corpus of the SpeechDat database in
order to train our system excluding the testing set comprised
of 600 randomly chosen recordings. Each input speech signal
waveform is sampled at 8kHz, band-passed between 300 and
3400 Hz, pre-emphasized by the filter H(z)=1-0.97z-1 and
subsequently, windowed into frames of 256 points using a
Hamming window and 50% frame shift. Each frame processed
so far is Fourier transformed using 512 points FFT and the
power of the transformation is passed through a set of 23 Melspaced triangular band-pass filter-bank channels. Subsequently
the enhancement technique is applied to the log-spectral
power using 200 particles with systematic resampling as
regards the 1-dimensional case and 1800 particles for the case
of splitting the 23 log-power bands into three 6-dimensional
blocks of bands and one 5-dimensional block. 13-dimensional
feature vectors are formed after applying DCT to the log-filterbank enhanced outputs, which reduces the 23 output channels
into 13-dimensional Mel frequency cepstral coefficients.
Cepstral mean normalization was applied to deal with the
linear channel assumption. The 13 aforementioned coefficients
form the final observational vector that is passed to the
recognition engine. Deltas and acceleration coefficients are not
appended primarily because we want to obtain comparative
results on an enhancement technique that functions on the
static log-spectrum.
The results in Fig. 3 and Fig. 4 demonstrate that the proposed
technique can provide substantially improved recognition
results at low SNRs. The treatment of spectral bands as
independent time-series surprisingly provides better results
than the four-block case that allows to model correlation
between spectral components inside each block, but increases
the dimensionality of the state vector. The algorithm is
observed to be sensitive to noise-estimation errors, a fact that
results to a small degradation in almost clean conditions for
the four-block case. We are currently investigating ways of
incorporating speech and noise variance estimation in a
common sampling framework as well as Gibbs sampling and
Markov random field priors. Moreover, our approach can be
extended by employing more accurate speech models as
HMMs that comply naturally with the proposed sampling
framework.
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Figure 4: Word Recogn. Acc. (%), Babble noise corruption.

4. Conclusions
This work analyzed the performance of a novel, statistical,
speech enhancement approach that functions on the Mel logpower domain and aims primary at robust speech recognition.
In our approach, a random walk model and a well-known nonlinear speech distortion model in the log-power feature domain
form a state space formulation. We proposed the application of
a sampling inference technique to derive the MMSE
estimation given the noisy feature observations. The results
demonstrate that the approximation of the corresponding
distributions of the inference framework achieve significant
improvement in recognition accuracy even in very low SNRs.
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