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1. Introduction

1.1

Background of automatic speech recognition

The automatic speech recognition (ASR) systems are designed to recognize the content of human speech and transform it into text form. ASR has
been successfully adopted e.g. in health care dictation, speech-controlled
user interfaces such as military, telephone exchange and disabled user
applications, and in information retrieval.
Modern ASR has been based on solving the state sequences of statistically derived hidden Markov models (HMM) with a Gaussian mixture
model (GMM) (Juang et al., 1986) structure but that is now changing. Applications of neural networks in ASR were an extensively researched area
two decades ago (Bourlard and Wellekens, 1990; Kurimo and Torkkola,
1992; Robinson et al., 1993) and some success was achieved with relatively
simple network architectures. The work by Hinton (2002) induced the
comeback of neural networks and set the current ASR research trend towards hybrid multilayer-perceptron (MLP) and HMM structures (Hinton
et al., 2012).
Solid recognition performance has been possible for years in controlled
conditions where the noise levels are low and words are articulated clearly
(Lippman, 1997; Siniscalchi et al., 2013). The continuously increasing
computational power and workload parallelization has enabled the study
of highly complex speech recognition systems trained on thousands of
hours of speech data (Jaitly et al., 2012). Nevertheless, the performance
of the most complex systems still degrade in the presence of rapidly
changing noise (Delcroix et al., 2013) and the human performance
remains far above the machine recognition (Barker et al., 2013).
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The question why ASR is such a difficult task in noisy environments
can be answered by the high number of acoustical parameters affecting
the recognition process. While the speaker dependent factors such as
accent, health and emotional status do not affect human recognition,
the machine tolerance is much lower. However, the highest detrimental
factors originate from external sources (Lippman, 1997). Unanticipated
and high-level background noise such as a large truck bypassing the
speaker may completely overpower the speech signal, and channel distortion such as the restricted signal bandwidth may lose important high
frequency information. Therefore, noise robustness is a crucial feature in
any practical, especially mobile, ASR system.
To be more precise, the typical errors made by the ASR systems are
sound unit, or phoneme, classification errors caused by the mismatch
between the parameters of the estimated acoustical model and the true
data distribution. In practice, this is always the case to some degree since
the true distribution remains unknown and can only be estimated. On the
other hand, a perfect model for the data distribution does not guarantee
optimal performance in every real life scenario since the signal is also
influenced by external factors that are unrelated to the content of speech.
Several conceptually separate methods exist for minimizing the effect
of external factors. Training the acoustic model on one type of noise,
denoted as the matched model, yields high recognition accuracy on that
particular noise. Training the ASR system on speech data that contains
varying noise conditions can produce a more versatile model, denoted
as the multicondition model, that may also reduce classification errors
in cases in which a new background noise is encountered (Pearce and
Hirsch, 2000).

To reduce the overall effect of mismatch between the

true data distribution and its model, discriminative training can be used
(Pylkkönen and Kurimo, 2012). In discriminative training, the model
parameters are optimized to minimize the recognition error instead of
estimating the parameters of individual phoneme distributions optimally
(Bahl et al., 1986).
Noise may also be addressed by deriving features, the low-dimensional
representations of the speech signal, that are inherently robust to noise.
While the majority of ASR systems extract features based on Mel-frequency cepstral coefficients (MFCC) (Davis and Mermelstein, 1980), they are
relatively prone to noise. Methods taking better advantage of auditory
processing have been shown to achieve higher recognition performance
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in poor conditions (Kim and Stern, 2012). These methods include, for
example, perceptual linear prediction analysis (PLP) (Hermansky, 1990),
minimum variance distortionless response (Murthi and Rao, 2000; Dharanipragada and Rao, 2001), and power-normalized cepstral coefficients
(PNCC) (Kim and Stern, 2012).
In model compensation methods, the presence of noise is allowed in
the recognition process itself by adapting the acoustic model to match
the prevailing noisy environment. One example of these methods is the
parallel model combination (Gales and Young, 1996) where an acoustical
model is also constructed for the interfering noise. The noise model is
then used to update the parameters of the clean-speech model through a
mismatch function.
Missing data methods (Cooke et al., 1994) take a different approach
on handling the aural contamination by assuming that only part of the
spectro-temporal, or time-frequency (TF), components of the signal are corrupted by noise and the other part preserves the speech information. In
other words, the speech-dominant components are considered to hold the
reliable information that can be used in recognition. The unreliable noisedominant components, on the other hand, can be either marginalized
or reconstructed with their respective clean speech estimates obtained
from a statistical model (Raj et al., 2004) or from a dictionary of speech
exemplars (Gemmeke and Cranen, 2008).

The reconstructed spectro-

temporal representation can now be used to recognize speech. The key
to success of the approach lies in estimating spectrographic masks that
pinpoint the reliable components.
In the thesis, the process of dividing the audio signal into reliable and
unreliable TF regions, or into several target and noise sources in general,
originates from auditory scene analysis proposed by Bregman (1990) and
extended to computational auditory scene analysis (CASA) by Brown
and Cooke (1994). Inspired by the mechanisms of the human auditory
system, the CASA-based ASR systems try to imitate the way the humans
separate the sound sources in monaural and binaural audio streams. In
CASA-based systems, the sound source separation can be realized, for
example, by computing the mask that weights each TF component of the
signal representation so that the target is emphasized and the undesired
sources are damped (Lyon, 1984).

From the ASR point of view, the

missing data approach is closely related to the CASA source separation.
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The speech segregation can be simplified to a binary classification problem, as done e.g. in (Han and Wang, 2011). Such procedure can be carried
out by extracting acoustic cues that are important for the auditory organization of speech such as pitch-based features and on- /offset (Wang et al.,
2012), and by bypassing the CASA stages of segmentation and grouping
of TF units.

The concept of an oracle mask, the highest recognition

accuracy providing mask, can be seen as the goal of the feature-based
mask estimation methods proposed in the thesis. The CASA approach
has inspired several alternative aspects for mask estimation, for instance,
Seltzer et al. (2004) proposed a method based on a Bayesian classifier to
determine the reliability of spectrographic elements, Harding et al. (2006)
utilized a histogram-based binaural mask estimation and in the study of
Healy et al. (2013), subband MLP processing is used for mask estimation.

1.2

Background of the thesis

The history of ASR research in Aalto University began as isolated word
recognition based on various types of neural networks such as selforganizing maps. Since the adoption of the HMM structure (Kurimo,
1997) to ASR, the research has shifted towards Finnish large vocabulary
continuous speech recognition. The basis of the automatic speech recognizer was introduced in 2002 (Hirsimäki et al., 2006) and the following
work of e.g. Siivola (2007), Hirsimäki (2009) and Pylkkönen (2013) led
to the creation of the Aalto ASR tools (Speech Group of Aalto University,
2013) that are extensively used by the current speech group researchers.
The noise robust ASR has been a growing research area since the work
made by Palomäki et al. (2004a,b) in missing data mask estimation and
handling reverberant speech. Recent advanced in noise robustness have
been made in discriminative training (Pylkkönen and Kurimo, 2012), uncertainty decoding of features (Kallasjoki et al., 2011, 2014) and missing
data imputation techniques (Remes et al., 2011; Remes, 2013).

1.3

Contributions of the thesis

The work presented in the thesis is aimed to enhance the ASR performance in varying noise and low signal-to-noise ratio (SNR) conditions
by improving the underlying methods and algorithms. All the proposed
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methods are experimentally evaluated on speech data containing varying
noise types and levels in the automatic speech recognition scheme.
The conventional linear prediction (LP) based spectral analysis is
known to be relatively sensitive to channel distortion and additive noise.
In the thesis, extended weighted linear prediction (XLP), introduced in
Publication II, is applied to the feature extraction of ASR to enhance the
noise robustness of spectrum estimation.
In missing data speech recognition, the quality of the spectrographic
mask has a significant influence on the overall recognition accuracy. The
missing data mask estimation is compared to two conceptually separate
noise robust approaches in Publication I. In Publication III, a mask estimation method based on binaural modeling is introduced. The mask estimation methods relying either on local SNR estimates or simple binaural
information, utilized in Publication I and Publication III, respectively,
provide good results in high SNR environments but if the noise level is
increased, their performances are radically decreased.
In the thesis, new methods for mask estimation are proposed; the
first method, introduced in Publication IV, takes advantage of classifiers
trained on a comprehensive set of acoustic design features to tolerate the
severely deteriorated speech signal. In Publication IV, the design features
are also analyzed for their power to discriminate the reliability information. The second method, introduced in Publication V, utilizes neural
networks, more specifically Gaussian-Bernoulli restricted Boltzmann machines, to learn the set of features automatically. In Publication VI, the
automatic feature learning is further improved and used in conjunction
with discriminative training.

1.4

Contents of the thesis

The thesis consists of an introduction and a collection of six publications.
Chapter 2 describes methods for transforming speech signals into features
commonly used in ASR and mask estimation. Chapter 3 describes the
concept of the missing data speech recognition, the proposed methods
for mask estimation and two reference mask estimation techniques. In
Chapter 4, the procedures of the experimental evaluations of the proposed
methods are described and a summary of the results presented in the six
publications is given. In Chapter 5, the results are discussed and reflected
on the related work in the field and Chapter 6 presents the conclusions.
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2. Feature extraction

As other pattern recognition tasks, ASR usually requires processing of
raw audio waveform into a feature representation for classifying the
speech into phonemes, for instance. Typically, the speech stream is split
into sequences or short time frames of low-dimensional feature vectors
that aim to represent only the relevant information on the speech content.
Such processing is denoted as feature extraction or front-end processing.
However, the relevance of information depends on the task — in speaker
recognition, knowledge of the speaker’s gender and speaking rate are
highly valuable, whereas in ASR, the importance lies in preserving the
information needed for phonetic classification. Regardless, the feature extraction method must be chosen carefully since after, typically nonlinear,
feature extraction none of the discarded information can be recovered.
So far, the most common method for extracting features has been based
on MFCCs (Davis and Mermelstein, 1980) that try to mimic the principles
of auditory processing on a crude level. MFCCs possess two significant
properties: the feature components are virtually uncorrelated and the
dimensionality of the feature vectors are low.
The MFCC processing is commonly done in frames consisting of 16–20
ms of speech in a way that adjacent frames overlap half a frame. The first
step in processing is to pre-emphasize the higher frequencies in order to
smooth the decaying energy spectrum of natural speech. Second, shorttime spectral analysis is done either with discrete Fourier transformation
or with linear prediction (LP) from Hamming windowed frames. Next,
the short-time magnitude spectrum is weighted by triangular Mel-scale
filters whose center frequencies are equally spaced in Mel-scale. The
triangular weighting operates as an approximation to auditory filtering.
The energies of the Mel-spectral coefficients are compressed with logfunction and the number of compressed coefficients are reduced with
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discrete cosine transform. The log-function models the level intensity
transfer function of human hearing and serves as mapping from the broad
intensity range of audible sounds.
Common post-processing techniques to MFCCs are mean and variance normalizations, and computation of coefficient time derivatives and
second-order time derivatives, which capture the temporal information
from a longer time context than a single frame. Maximum likelihood
linear transformation (Gales, 1999) tries to improve the separability of
acoustic classes in the feature space and can be seen as a discriminative
method.
However, MFCCs are not particularly robust if a mismatch occurs between the training and run-time environments. Such occasions demand
more advanced methods such as perceptual linear prediction (PLP) analysis (Hermansky, 1990) based on the explicit modeling of the main phenomena of peripheral auditory processing. In PLP, the auditory spectrum is
estimated on a critical-band spectral resolution followed by pre-emphasis
by an equal-loudness curve and nonlinear compression with cubic-root
intensity-loudness power law.
A good rule of thumb is that feature extraction methods based on the
characteristics of the human auditory system are more likely to provide
higher classification performance than heuristic or design techniques
crafted for one particular speech related task. The explanation for the
rule is the hand in hand evolution of human speech production and speech
receiving mechanisms perfectly adjusted for each other.
More recent examples are the power-normalized cepstral coefficients
(PNCC), which are another set of physiologically motivated features but
with computational efficiency kept in mind, introduced by Kim and Stern
(2012). The main differences between MFCCs and PNCCs are gammatone
filtering, 50–150 ms medium-time nonlinear processing that suppresses
the effects of additive noise and room reverberation, and a power function
nonlinearity. The recognition accuracies achieved with PNCC features are
significantly better than with MFCCs in the presence of additive noise and
especially in reverberant environments (Kim and Stern, 2012).

2.1

Linear predictive models

The FFT based short-time spectral analysis in MFCC computation can
be substituted with linear predictive methods. The key concept of LP
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in speech processing is to model the output of the speech production
mechanism as a linear combination of p past samples
x̂n =

p
X

(2.1)

ak xn−k ,

k=1

where xn denotes the time domain speech sample and ak the prediction
coefficient (Makhoul, 1975). The LP is used to estimate the smoothed
spectral envelope that preserves the formant structure of speech. More
specifically, LP finds the coefficients ak defining the filter that characterizes the parameters of the vocal tract. The energies of the prediction
errors, defined by en = xn − x̂n , are minimized by setting the partial
P
derivatives of ELP = n e2n with respect to each coefficient ak to zero. This

results to normal equations
p
X

ak

X

xn−k xn−i =

n

k=1

X

xn xn−i ,

n

1 ≤ i ≤ p.

(2.2)

In the thesis, an all-pole model is only considered as the normal equations
derived from it are straight-forward to solve by autocorrelation method
(Makhoul, 1975) that produces a stable model. However, neither FFT- nor
LP-based spectral analysis is designed to model the magnitude spectrum
of a heavily deteriorated audio signal.
Several improvements to LP and PLP analyses have been proposed, for
example, the relative spectral (RASTA) (Hermansky and Morgan, 1994)
approach makes the PLP technique robuster to linear spectral distortions,
and an adaptively weighted version of the LP cepstrum is introduced to
speaker identification by Assaleh and Mammone (1994).
The spectrum estimation itself can be made more tolerant to noise by
adding temporal weighting Wn in the linear predictive analysis; the regions of speech that are relatively less corrupted by noise are emphasized.
Weighted linear prediction (WLP), introduced by Ma et al. (1993), can
be seen as a generalization of LP. The energy of the prediction error
P
EWLP = n e2n Wn is minimized by solving the normal equations
p
X
k=1

ak

X
n

Wn xn−k xn−i =

X
n

Wn xn xn−i ,

1 ≤ i ≤ p.

(2.3)

The weighting function can be chosen as the short-time energy (STE)
P
2
of the adjacent samples Wn = M
i=1 xn−i , where M is typically selected

close to the value of p (Kallasjoki et al., 2009). WLP used in conjunction

with STE weighting in the MFCC feature extraction has been shown to
improve the noise robustness of continuous speech recognition compared
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to the standard FFT-based spectral approximation in MFCC feature extraction (Pohjalainen et al., 2009).
Extended weighted linear prediction (XLP) further generalizes WLP;
the weighting is separately applied to each lag in the prediction of each
sample, which arguably offers more flexibility for modeling the data
(Pohjalainen et al., 2010). The energy of the XLP prediction error is
defined by
EXLP

2
p
X
X
xn Wn,0 −
ak xn−k Wn,k ,
=
n

(2.4)

k=1

which is minimized by solving the normal equations
p
X
k=1

ak

X

Wn,k xn−k Wn,i xn−i =

n

X

Wn,0 xn Wn,i xn−i ,

n

1 ≤ i ≤ p.

(2.5)

In the thesis, the weighting function of XLP is defined as a recursive
equation
Wn,i =


1
m−1
|xn | + |xn−i | ,
Wn−1,i +
m
m

(2.6)

where m denotes the effective length of the moving average memory and
Wn,i is assumed zero for all i ’s before the beginning of the prediction
frame. This weighting assumes, similarly to the STE weighting, that
high amplitude samples are relatively less corrupted than low amplitude
samples. Typically the length of the average memory m is set close to the
value of p. In the thesis, p = M = m = 20 is chosen. However, the WLP and
XLP methods do not guarantee a stable all-pole filter.
An application of XLP to large vocabulary continuous speech recognition
has been studied in Publication II, in which XLP is evaluated against FFT,
traditional LP, and WLP by replacing the short-time Fourier transform of
MFCCs with the variations of linear predictive models.

2.2

Design features

In the thesis, a design feature denotes a measure of one particular
attribute of the speech or the environment.

The main focus of each

feature can be categorized into robustness to reverberation, robustness to
additive noise, and sound source localization (or target detection). Some
of the features have been developed from psychoacoustical perspective, for
example, interaural time difference (ITD) and interaural level difference
(ILD) measure the differences in arrival time and intensity of a sound signal between two ears for the azimuth and elevation, respectively (Blauert,
1996). This provides cues to the relative direction of the source. More
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specifically, the localization of the azimuth is based on a cross-correlation
type of processing. Furthermore, the design features can be categorized
whether they are based on monaural or binaural signals.
The design features are not directly used in phoneme classification but
in classifying the reliable and unreliable TF units in missing data mask
estimation. Such features include, amongst others, pitch and pitch-based
features (Wang et al., 2012), amplitude modulation spectrogram (Moritz
et al., 2011; Han and Wang, 2011), and on- /offset (Hu and Wang, 2007).
The design features could also be used in phoneme classification with
caution since they have not been engineered to capture the characteristics
of individual phonemes. In the thesis, the features providing directional
cues are used for target detection since the speaker position is assumed
known.
Next, the design criteria of the features, used for TF unit classification
in Publication III and Publication IV, are briefly described.

For

mathematical descriptions of the features, please see Publication IV, pp.
801–805 and (Ramírez et al., 2006). All the features are computed in
21 Mel-frequency bins and provide a value for each TF unit except for
‘mean-to-peak-ratio of temporal envelope’, which provides a single scalar
for the whole signal. Here, the binaural features are denoted by (B),
monaural features by (M), features used in Publication III by (PubIII),
and features used in Publication IV by (PubIV).

Features focused on target detection:

• Interaural time difference (B, PubIV): The time difference of the signal
measured between two ears provides information of the source azimuth.

• Interaural level difference (B, PubIV): The intensity difference of the
signal measured between two ears provides information of the source
elevation.

• Harmonic energy (M, PubIII, PubIV) (van Hamme, 2004): The speech
signal is divided into harmonic, or voiced, and inharmonic segments.
Speech contains voiced segments composed of components harmonically
related to speaker’s pitch. The harmonic part is assumed to be dominated by speech. The drawback of the feature is that during voiceless
speech, the outcome may be unsatisfactory.
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• Peak ITD (B, PubIV): The ratio between the height of the highest peak
and height at zero delay in the cross-correlation function between the
ears. Peak ITD should be close to unity for sources at zero degrees
azimuth.

• Voice activity detection (M, PubIII) (Ramírez et al., 2006): A binary
feature motivated by the integrated bi-spectrum, which is defined as
a cross-spectrum between the signal and its square.

Features focused on general noise robustness:

• Inharmonic energy (M, PubIII, PubIV): The residual energy of the
spectral decomposition of harmonic energy that will mostly consist of
noise in voiced speech segments.

• Noise estimate from long-term inharmonic energy (M, PubIII, PubIV):
A noise estimate based on the inharmonic energy.

• Noise gain (M, PubIII, PubIV) (van Hamme, 2004): A rough SNR
estimate based on the harmonic energy and noise estimate from longterm inharmonic energy.

• Spectral flatness (M, PubIII, PubIV) (Seltzer et al., 2004): Additive
noise flattens the valleys of voiced speech segments which can be defined by measuring the local variance of the subband energy within a
neighborhood around each TF unit in the log-Mel spectrogram.

• Subband energy to subband noise floor ratio (M, PubIII, PubIV) (Seltzer
et al., 2004): An estimate for the noise floor of stationary noise computed
from the distribution of subband energy across all frames of the signal.

• MFCC features (M, PubIII): The 21-dimensional MFCC features computed from the noise contaminated speech that has been converted to a
single channel signal.

• Noise estimate from channel difference (B, PubIV): A simple noise and
reverberation estimate derived from the subtraction of left- and rightear signals of stereophonic speech. The target speaker’s distance from
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the microphones is assumed equal and stationary, which removes the
direct sound component. Thus, the residual signal contains only noise
and reverberation.

Features focused on robustness to reverberation:

• Modulation filtered spectrogram (M, PubIV) (Kingsbury et al., 1998;
Hall et al., 2002; Palomäki et al., 2004b): The temporal modulation of
speech signals depend on the syllabic rate. The modulation depth is
decreased in the presence of reverberation and the goal of the filtering
is to emphasize the syllabic modulations and to locate the reverberationfree syllable onsets. Here, the spectrograms are filtered against the time
trajectory to amplify the modulation.

• Gradient of temporal envelope (M, PubIV) (Watkins and Makin, 2007):
Reverberant regions of the temporal envelope of the speech are frequently characterized by descending tails. Detecting these tails indicates which parts of the speech are reverberated.

• Mean-to-peak-ratio of temporal envelope (M, PubIV): While the reverberation has its highest impact on the valleys of the temporal envelope,
the peaks can be assumed to remain unaffected. Computing the ratio
between mean and peak values of the temporal envelope over the whole
speech signal, the overall “blurredness” of the signal can be measured.

• Interaural coherence (B, PubIV) (Faller and Merimaa, 2004): The direct
sound received from a high intensity source is coherent at two ears but
diffuse in reverberant sound field. Interaural coherence can be seen as
a measurement of the reliability of ITD and ILD cues, and it can also be
categorized into general noise robustness.

2.3

Automatically learned features

An alternative to basing the mask estimation on design features is to
produce a set of features automatically. In the thesis, the automatic
feature learning denotes the unsupervised training of acoustical patterns
with neural networks. The automatic features are argued to enhance the
mask estimation by capturing information that the design features are
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not able to do. While the number of automatic features is higher than
the design features, their individual expression power can be considered
lower, which can be compensated by the freely adjustable parameter —
the number of features.
A neural network based machine learning model capable of extracting
discrete classes out of continuous valued input features was introduced
in (Bertelsen, 1994) and recently, neural networks retrieving bottleneck
features for a GMM/HMM acoustic model have been deployed (Plahl et al.,
2010; Yu and Seltzer, 2011; Gehring et al., 2013).
In Publication V and Publication VI, Gaussian-Bernoulli restricted
Boltzmann machines (GRBM) were implemented for automatic learning
of features. GRBM is a two layer neural network that models the probability density of real-valued data using binary latent variables. The first
layer of visible units, that correspond to the components of data vectors,
are assumed Gaussian distributed and the second layer consists of binary
hidden units. There are no lateral connections in GRBM i.e. each unit
of one layer is only connected to all the units in the other layer.

It

has been shown e.g. in (Krizhevsky, 2009) and (Jaitly and Hinton, 2011)
that the latent variables of a learnt GRBM can be used as meaningful
unsupervised features.
A GRBM joint configuration (v, h) of the visible units vi and hidden units
hj has an energy
E(v, h | Θ) =

nv
X
(vi − bi )2
i=1

2σi2

−

nh
nv X
X
i=1 j=1

n

wij hj

h
vi X
−
cj hj ,
σi

(2.7)

j=1

where nv and nh are the numbers of visible and hidden units, and the
parameter Θ includes weights wij connecting the visible and hidden units,
σi is the standard deviation of vi , and biases bi and cj for each unit (Cho
et al., 2011a).
A probability to every possible pair of a visible and a hidden vector is
assigned via energy function
p(v, h | Θ) =


1
exp − E(v, h | Θ) ,
Z(Θ)

(2.8)

where Z(Θ) is a normalizing constant, given by the sum over all possible
pairs of visible and hidden vectors
Z(Θ) =

X
v,h


exp − E(v, h | Θ) .

(2.9)

An efficient learning procedure called contrastive divergence for GRBMs
was proposed by Hinton (2002). First, the states of the visible units are
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set to a randomly selected training vector. Second, the binary states of all
the hidden units are computed in parallel using Eq. 2.10


X
vi
,
p(hj |v) = sigmoid cj +
wij
σi

(2.10)

i

where sigmoid denotes function 1/(1 + exp(−x)). After the binary states
have been chosen for the hidden units, a “reconstruction” is produced by
setting each vi to 1 with a probability computed by Eq. 2.11


X
p(vi |h) = N bi + σi
hj wij , σi2 ,

(2.11)

j

where N (µ, σ 2 ) is a Gaussian. Finally, the states of the hidden units are
updated again. The changes in the weights are then given by
∆wij = η(< vi hj >data − < vi hj >recon ),

(2.12)

where the angle brackets denote the expectations under the distribution
specified by the respective subscript. The learning procedure for the
biases is essentially the same but the states of individual units are used
instead of pairwise products.
Although the number of tunable parameters in GRBM training is quite
large, the task can be simplified by normalizing the data components to
have zero mean and unit variance so that the standard deviations are set
to 1 when computing p(vi |h) in Eq. 2.11.
In the thesis, the weight parameters wij are updated with an enhanced
gradient and an adaptive learning rate η proposed in (Cho et al., 2011b).
The enhanced gradient was shown to outperform the conventional gradient update direction in terms of learning speed and invariance to data
representation. Additionally, the binary units were replaced by noisy
rectified linear units, which were shown in (Nair and Hinton, 2010) to
learn more discriminative filters. Thus, the approximate mean activation
of the hidden units (the corresponding Eq. 2.12) are given by
hj = max(0, rj ),
where rj =

P

2
i wij vi /σi

(2.13)

+ cj is the input to the jth hidden unit.

For generating the automatic features, cross-correlation vectors derived
from bandpass filtered stereophonic speech signals were used as input to
GRBMs according to Figure 2.1. This processing is thoroughly described
in Publication V and briefly in here. First, the left- xl (n) and right-ear
xr (n) time domain signals are filtered into 21 bandpass signals Xl (n, d)
and Xr (n, d), where n denotes the sample index and d the frequency bin.
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seven please"
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Figure 2.1. Overview of the ASR system, used in Publication V, based on automatic
feature mask estimation and the signal processing pathway from the time
domain into GRBM input. The numbers next to the arrows denote the
number of components/TF unit.

The center frequencies of the bandpass filters conform to the centers of
the triangular Mel-scale filters used in the MFCC computation. The crosscorrelations between the two ears of frames of bandpass filtered signals
are computed within lags ranging from −50 to 40 samples. In GRBM
training, the starting points of the 256 sample long frames are chosen
by random, whereas in evaluation, the starting points match the framing
used in the MFCC computation.
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3. Missing data methods

Missing data methods consider noise robust speech recognition as a problem of recognizing speech from incomplete spectrograms (Cooke et al.,
2001).

Missing data methods assume that the spectral features rep-

resenting noisy speech can be divided into speech-dominant and noisedominant regions since the energies of both the speech and noise sources
are additive in all TF regions. In practice, if the noise level exceeds
the speech level in local TF regions, subtracting the noise is usually not
possible, thus the underlying speech information in those regions can be
considered missing. Labels dividing the observations are referred to as a
spectrographic mask, or simply a mask, as denoted in the thesis.
In the thesis, the TF components of spectral features are denoted as
Y (τ, d), where τ and d represent the time frame and frequency bin,
respectively.

The speech-dominant and reliable spectral features are

represented as Yr (τ, d) ≈ S(τ, d), where S(τ, d) are the features of the
underlying clean speech feature that would have been observed without
the interfering noise. For the noise-dominant TF components, it holds
that Yu (τ, d) ≥ S(τ, d) which states that the unreliable feature observations provide an upper bound to the corresponding clean speech feature
estimates denoted by Ŝ.
The ASR system can either disregard the unreliable data or impute,
i.e. reconstruct, the missing data by estimating their corresponding
clean speech values Ŝ(τ, d).

Two imputation methods, cluster-based

imputation (CI) and sparse imputation (SI), are briefly described in
Section 3.3.

CI has been applied in Publication I, Publication III,

Publication IV, Publication V and Publication VI, and SI in Publication
III and Publication IV. Both imputation methods estimate the clean
features using a clean speech model and the reliable and unreliable
information.
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In the thesis, the speech and noise separation is simplified to a binary
classification, or mask estimation, problem by extracting either design or
automatically learned features, described in Sections 2.2 and 2.3, respectively. The mask estimation and the related processes are presented in the
chapter as follows: mask estimation and the concept of oracle masks in
Section 3.1, classifiers in Section 3.2, imputation methods in Section 3.3,
and two reference mask estimation methods in Section 3.4.

3.1

Mask estimation and oracle masks

The performance of missing data methods stem from the quality of the
estimated masks measured by the ratio of correctly estimated reliable TF
units, for instance. A very high ASR performance can be achieved by the
missing data techniques if oracle mask, or the conceptually similar ideal
binary mask, information is used, which has been shown e.g. in (Seltzer
et al., 2004), Publication III and Table 4.4 in Chapter 4. Oracle masks
can be seen as the goal of mask estimation since they provide the upper
limit to the recognition performance in noisy speech. Table 4.4 contains
recognition results exclusive for the thesis obtained with oracle mask
information. Figure 3.1 presents the Mel-scale spectrograms of clean and
noisy speech signals, and the corresponding estimated and oracle masks.
Construction of the oracle masks exploits the fact that two speech
signals, noisy and clean, contain the same speech information. This allows
to exactly calculate the local SNR in each TF unit. Thus, the oracle mask
values are defined as






 1 if 10· log exp S(τ, d) − log exp N (τ, d) > θ
10
10
Y (τ, d) =
, (3.1)

 0 otherwise

where S(τ, d) denotes the clean log-Mel-spectral feature component,
N (τ, d) denotes the log-Mel-spectral noise component, and θ denotes a
threshold parameter in decibels. Online ASR applications, on the other
hand, do not have access to stereo data sets so the masks are estimated
on fly. In the thesis, oracle masks are mainly used in classifier training
and for experimental simplicity. The requirement of oracle masks in
classifier training for unknown background noises can be avoided e.g. by
employing colored-noise to the training data of the mask classifier (Kim
and Stern, 2011).
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Figure 3.1. The two topmost subfigures present the Mel-scale spectrograms of a clean
and a noisy speech signal with SNR of −3 decibels. The two undermost subfigures present the mask estimated from the noisy signal and the respective
oracle mask with a reliability threshold θ set to zero decibels. The white/black
areas denote high/low energy in the spectrograms and reliable/unreliable TF
units in the masks, respectively.

The missing data approach has inspired several research branches for
mask estimation. Seltzer et al. (2004) proposed a mask estimation method
that uses a Bayesian classification strategy to determine the reliability of
each TF unit. Classification is performed using a set of features, some of
which are also used in the thesis, representing only the characteristics of
speech with no explicit reference to the noise. Separate classifiers were
constructed for voiced and unvoiced speech, and for each frequency bin.
The two-class GMM model, presented in the thesis, has been motived by
this approach. An alternative technique by Ma and Barker (2012) utilizes
the CASA source grouping stage by localizing segments in the mask and
applying a fragment decoder driven by a clean speech spectral model for
improved source segregation.
In the thesis, only binary masks are considered. Rather than making
discrete decisions whether a TF unit is either reliable or unreliable, realvalued or fuzzy masks can be used instead by estimating the probability of
reliability of the TF unit. For an application of real-valued masks, please
see (Barker et al., 2000).
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3.2

Classifiers

Subsequent to extracting the features, a classifier makes the decision
whether a TF unit is speech- or noise-dominant based on the observed features and a computed model distribution. In the thesis, two alternatives
for classification are considered; a two-class GMM model and a support
vector machine (SVM) (Cortes and Vapnik, 1995).
Since both the GMM and SVM classifiers process each TF unit independently, the estimated mask can contain isolated reliable components that
are unlikely to contain usable information (Cooke, 2006). In missing data
reconstruction, even a single isolated reliable component can result in
reconstruction errors and notably degrade the system performance. Small
scale testing conducted in Publication IV and Publication V has shown
that false reliables have a larger impact on the speech recognition accuracy than false unreliables. Overall, the recognition systems usually gain
from the removal of groups of reliable features containing less than 5–20
connected reliable elements as experimentally observed in Publication IV.

3.2.1

Two-class GMM model

GMMs have been found to generalize well on speech related data. Most of
the 14 design features utilized in Publication IV have smooth probability
distributions and therefore they are suitable for GMMs. The two-class
GMM model, fully described in Publication IV, is based on using GMMs
for the reliable and unreliable classes as a maximum likelihood classifier. First, the likelihoods Pd,r (o(τ, d)) and Pd,u (o(τ, d)) of N -dimensional
feature vector o of τ th frame in dth frequency bin are computed. Here,
Pd,r (o(τ, d)) and Pd,u (o(τ, d)) denote the probabilities of the feature vector
evaluated on the GMMs that represent the classes of reliable and unreliable features, respectively. The classification of the observation vector,
which represents the TF unit, is based on the likelihood scores. However,
in practice, the results are usually improved if the likelihood scores are
scaled (Seltzer et al., 2004). Hence, by denoting the scale factor by C, the
TF units Y (τ, d) are classified as reliable if C ·Pd,r (o(τ, d)) > Pd,u (o(τ, d)),
and unreliable otherwise.

In the thesis, oracle masks, described in

Section 3.1, were used to distinguish the classes while training the GMM
classifiers.
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Figure 3.2. The kernel trick; the feature classification becomes more accurate as the
number of false reliables is decreased by substituting the SVM linear kernel
e.g. with a third order polynomial kernel.

3.2.2

Support vector machine

The SVM training algorithm builds a model that assigns example vectors
into one of the two categories. The model represents the examples as
points in space in a way that the hyperplane separating the categories has
as wide margin as possible. The data points lying closest to the decision
border are the support vectors, which define the decision function. New
example vectors are mapped into the same space and the decision of
belonging to either category is based on which side of the hyperplane they
are mapped.
While the original algorithm implemented by SVMs was a linear
classifier based on the generalized portrait algorithm introduced in
(Vapnik and Lerner, 1963), the current SVMs utilize the kernel trick
for a nonlinear classification of patterns that are not linearly separable
(Boser et al., 1992).

The kernel trick allows the SVM algorithm to

fit the maximum-margin hyperplane in a transformed feature space.
Thus, the classifier still remains a linear hyperplane in the highdimensional feature space through the nonlinear transformations.
Common transformations include polynomial kernel and radial basis
function (RBF). An example of the use of kernel trick is presented in
Figure 3.2.

SVMs have been proven to be one of the most powerful

classifiers in various tasks ranging from cancer diagnostics to credit
approval (Meyera et al., 2003). Benefits of SVMs are also that they are
not affected by the local minima and do not suffer from the curse of
dimensionality.
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In Publication III, Publication V and Publication VI, separate SVMs
with RBF kernels were trained for each frequency bin d with oracle masks
as targets for classifying the TF units into reliable and unreliable. In
Publication V and Publication VI, the mean hidden activations of the
GRBM given in Eq. 2.13 were taken as input features, and in Publication
III, the input features were a subset of the 14 design features, described
in Section 2.2. In Publication V, the cross-correlation vectors and the set
of 14 design features were also used as SVM inputs.

3.3

Feature reconstruction

Two imputation approaches are utilized in the thesis: the cluster-based
imputation (CI) and the sparse imputation (SI) algorithm. Both methods work on vectors formed by the concatenation of T consecutive Melspectral feature vectors, in order to include some amount of time context
in the reconstruction of a single observation.

3.3.1

Cluster-based imputation

In cluster-based imputation (Raj et al., 2004), a GMM is constructed to
model the feature distributions of clean speech. The unreliable values
in each feature vector are substituted with estimates that are derived
from the clean speech prior and the reliable observations of the vector.
More specifically, the missing features are computed as a weighted sum of
cluster-conditional bounded maximum a posteriori (MAP) estimates. For
more details, please see Publication IV and (Remes et al., 2011).
In Publication I, Publication IV, Publication V and Publication VI, CI
was applied in the log-Mel-spectral domain and mapped to the acoustic
model feature domain, described in Section 4.2, after the reconstruction.

3.3.2

Sparse imputation

Sparse imputation (Gemmeke and Cranen, 2008) does not rely on the
statistical description of clean speech, like the previously described CI,
as it takes an alternative approach to reconstruction by modeling speech
segments with a linear combination of real speech samples or exemplars.
In SI, the first step is to construct a dictionary of exemplars from fixedlength clean speech samples that typically span across several frames.
Second, using only the reliable speech features, a sparse linear combina-
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tion (i.e. many of the coefficients are zero) of exemplars is searched. Then,
if a bounding criterion is met, the unreliable features are replaced with
the respective clean speech features of the linear combination, otherwise
the unreliable features remain as observed. For the precise mathematical
formulation of SI, please see (Gemmeke et al., 2011). In the thesis, SI was
applied in Publication III and Publication IV.

3.4

3.4.1

Reference mask estimation methods

ITD – ILD pair mask estimation

For evaluating the two proposed mask estimation methods, they are compared in the noisy ASR scheme to the mask estimation approach found
to perform the best in Publication III. The reference mask estimation
method is based on the approach originally proposed in (Harding et al.,
2006). The reference method assumes that the target location, more
specifically the azimuth, is known a priori and then it creates a histogram
for each frequency bin to model the joint distribution of ITD and ILD
for target dominant TF units. From the observed ITD – ILD pair, the
histograms are used to determine the probability of the TF unit being
speech- or noise-dominant.
Harding et al. (2006) used the estimated probabilities directly as soft
masks, whereas in Publication III and Publication IV, binary masks were
utilized.

A more detailed description of the method can be found in

Publication IV, pp. 805–806.

3.4.2

Cross-correlation-based mask estimation

In Publication V, a mask estimation method based on the classification of
cross-correlation vectors was used as a reference to the mask estimation
based on automatic features. In cross-correlation-based mask estimation,
the cross-correlation vectors, used as the input to the GRBM, were directly fed to the frequency bin specific mask classifiers instead.
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4. Experiments

The proposed methods presented in the thesis are experimentally evaluated. The evaluation processes are described in the chapter as follows: the
data sets and evaluation metrics are described in Section 4.1, the baseline
ASR system and the publication specific recognizer configurations are
concisely detailed in Section 4.2, and a summary of the essential results
obtained in Publications I – VI is presented in Section 4.3.

4.1

Data sets and evaluation methods

The noise robust methods presented in the thesis are experimentally
evaluated on ASR tasks which are carried out with three noise containing
speech corpora described in this section. Each corpus is divided into a
training, a development and an evaluation set. The development sets
are used for tuning the ASR system parameters and the final recognition
results, with the optimized parameters, are obtained with the evaluation
sets.
The Finnish SPEECON corpus (Iskra et al., 2002) is a large vocabulary
database gathered for developing speech interfaces for consumer devices
and it contains both read and spontaneous speech. SPEECON corpus
consists of real noisy recordings made in e.g. offices, public places and
cars. The close-distance office recordings are considered noise-free with
an average SNR of 26 decibels while the public place and car recordings
are considered noisy. The public and car noise sets have been recorded
simultaneously in three microphone positions; the close-distance recordings have been made with a headset and the mid-distance recordings with
a lavaliere microphone. The far-distance position in the car noise set has
been recorded by a microphone attached to the rear-view mirror and in the
public noise set, the microphone has been placed 0.5–1 meter away from
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Table 4.1. Summary of the SPEECON, the first and the second CHiME corpora used
in the experimental evaluation of the proposed noise robust methods. The
main difference between the two CHiME corpora is the small movement of the
speaker in the second CHiME corpus.

Corpus

Lang. Vocab. Mono/ Train.
size

Devel.

Eval.

stereo length length length

SNRs
(dB)

(min)

(min)

(min)

(clean)

1170

72

113

26

Public (noisy)

293

60

94

24, 14, 9

Car

(noisy)

293

29

57

13, 5, 8

1st

CHiME,

2nd

283

60

60

CHiME

SPEECON
Office

Fin.

Eng.

large

small

mono

stereo

9, 6, 3,
0, -3, -6

the speaker. The training, development and evaluation sets are speaker
exclusive i.e. each speaker appears only in one set. The lengths and SNRs
of the training, development and evaluation sets of each speech corpus is
summarized in Table 4.1.
Typically, the speech recognition performance is measured in word error
rates (WER), especially in English recognition tasks. WER is defined as
100% times the sum of word insertion, deletion, and substitution errors
divided by the total number of words in the reference transcription. For
languages such as Finnish where long and compound words are typical, it
is common to measure the recognition performance in letter error rates
(LER) since WERs are considered to over-weight misrecognized word
breaks. In the thesis, the speech recognition performance is measured
in LERs on SPEECON data.
The first CHiME corpus (Barker et al., 2013) is a small vocabulary
English database constructed for the first Computational Hearing in
Multisource Environment challenge. The artificially noisy CHiME utterances are made by convolving clean speech with a set of binaural room
impulse responses simulating reverberation. Each utterance has then
been mixed with real domestic noises without rescaling either speech
or noise. The utterances contain simple spoken commands such as ”bin
blue at c 4 please“. Instead of computing the LER or WER values for
each utterance, the evaluation metric in both CHiME corpora is based
on recognizing the keywords, which in this case are the alphabet c and
the digit 4. The challenge provided training set contains 17 000 short
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utterances of reverberated but noise-free speech. The development and
evaluation sets both consist of 600 utterances, each mixed in six SNRs.
For multicondition training, the reverberated training set was mixed with
the challenge provided noise data with SNRs identical to the development
and evaluation sets. 34 speakers are shared on all data sets.
The second CHiME challenge consisted of small (Track 1) and medium
(Track 2) vocabulary speech recognition tasks (Vincent et al., 2013). In the
thesis, only the small vocabulary Track 1 is considered. The differences
between the first CHiME and the Track 1 of the second CHiME corpora
are the simulated speaker movement within a square zone of +/- 10 cm
around the position of two meter distance in front of the dummy head and
that the clean, reverberated and noisy training sets were already provided
by the challenge.
The obtained results typically contain an error margin due to the limited
size of the evaluation material. Statistical analysis of the results must be
conducted in order to resolve whether there is a statistically significant
difference between the results of two methods. The analyses conducted
within Publications I – VI have been carried out by the Wilcoxon signedrank test (Wilcoxon, 1945) with a 95% confidence level for each system
pair. In the thesis, however, a simplification is made by stating that any
difference between the average result of each system pair within a result
table is significant.

4.2

Recognition systems

The speech recognition system used in the thesis is a large vocabulary
continuous speech recognizer originally developed in the Aalto University department of Information and Computer Science and currently
maintained in the Aalto University department of Signal Processing and
Acoustics. The acoustic modeling toolkit and the decoder of the recognition system are publicly available as Aalto ASR tools (Speech Group
of Aalto University, 2013). The recognizer is based on left-right HMM
structure with a GMM state likelihood modeling.
In the thesis, the acoustic models are speaker independent state-tied
triphones constructed with a decision-tree method. The state modeling
is limited to at most 100 Gaussians and the state durations are modeled with gamma probability functions (Pylkkönen and Kurimo, 2004).
The speech signal is represented with a power and 12 MFCC features
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computed in 16 ms frames that overlap half a frame. The features are
concatenated with their first and second order differentials, as described
in Section 2, totaling 39 features/frame. Cepstral mean subtraction (CMS)
is applied prior to scaling and mapping with maximum likelihood linear
transform (Gales, 1999) optimized in training. Finally, the covariance
matrices of the Gaussians are diagonalized.
On large vocabulary tasks conducted in Publication I and Publication II,
the recognition system utilizes a statistical morph-based variable length
n-gram language model to represent a vocabulary of an unlimited size
(Hirsimäki et al., 2006). The statistical morphs and the language model
were learned from a 145 million word corpus containing text from Finnish
books and newspapers in an unsupervised manner. The decoder, which
utilizes a beam-pruned Viterbi token-pass system (Pylkkönen, 2005),
combines the language and acoustic models by scaling the language model
log-probability.
On small vocabulary tasks conducted in Publication II, Publication IV,
Publication V, and Publication VI, the n-gram model is substituted with
a simple no-backoff bigram model with uniform probabilities for all valid
bigrams. This restricts the possible output word combinations to conform
to the grammars of CHiME corpora.
The missing data imputation, applied in Publication I, Publication II,
Publication IV, Publication V, and Publication VI, takes place in the 21dimensional log-power Mel-frequency spectrum to obtain the estimates
of clean speech features. Subsequent to imputation, the reconstructed
spectra were transformed to 12 regular MFCC features and a log-energy
feature concatenated with their first and second order differentials. In CI
and SI, the features were processed in T = 5 and T = 15 frames, respectively, except for Publication I, in which CI was applied in T = 1 frame.

4.2.1

Publication specific ASR settings

In Publication I, the computation of MFCC feature differentials was
simplified and CMS was omitted for implementing the data-driven
parallel model combination (DPMC) as described in (Gales and Young,
1996).

Voice activity detection was used for segregating the noise

segments of the signal and for estimating the parameters of the noise
model.
In Publication III, observation uncertainties (Arrowood and Clements,
2002) were used in computing the acoustic model likelihoods of the recon-
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structed features. The ASR performance can be improved if the accuracy
of the feature reconstruction is taken into account by emphasizing the
reconstructed features that have a higher probability of being the correct
estimate of clean speech.
In Publication IV, additional speaker adaptation tests with unsupervised maximum likelihood linear regression (MLLR) (Leggetter and
Woodland, 1995) were conducted. The adaptation data for each speaker
is obtained from the first-pass recognition hypotheses of the respective
system using all the SNRs of the evaluation set.
In Publication VI, discriminative training with minimum phone frame
error criterion (Zheng and Stolcke, 2005) and extended Baum-Welch optimization (Gopalakrishnan et al., 1989) was used for improved acoustic
modeling. The approximate bounded MAP estimates of CI were varied to
approximate bounded minimum-mean square error estimates, which was
found to give a slight improvement to the speech recognition performance.
Additional speaker adaptation tests with the unsupervised MLLR were
conducted as in Publication IV.

4.3

Results

Selected results from Publications I – VI are gathered into this section.
First, linear prediction based methods are evaluated as the spectral analyzers of MFCC for inherently robust features. Second, three conceptually
separate noise robust approaches are evaluated. Finally, methods for
improving the mask estimation are evaluated in the missing data ASR
framework.

4.3.1

Spectral analyses

The LER results obtained with the noisy SPEECON data sets by substituting the baseline fast Fourier transform (FFT) short-time spectral
analysis of MFCC with conventional linear prediction (LP), weighted
linear prediction (WLP), and extended weighted linear prediction (XLP)
are presented in Table 4.2.
On average, all LP-based methods are able to improve the noise robustness of the short-time spectral analysis of MFCC feature extraction
although the improvements are relatively small. The baseline FFT spectral analysis does, however, remain unbeaten on the close recordings
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Table 4.2. Letter error rates for the noisy SPEECON public place and car evaluation
sets. The averages are computed over both noise sets with 0.62 weight for the
public place noise and 0.38 weight for the car noise. The results are taken from
Publication II.

Public place

Car

Close

Mid

Far

Close

Mid

Far

Avg.

FFT

3.3

23.9

40.8

4.0

29.8

66.6

26.8

LP

4.6

19.6

34.0

5.9

36.8

60.0

25.0

WLP

4.6

19.9

34.3

6.2

32.7

60.1

24.7

XLP

4.5

18.8

32.5

5.9

33.4

62.7

24.5

of both noise sets. The lowest average LER is achieved by XLP-based
spectral analysis although its performance on car noise leaves room for
improvement. The relative average LER improvement of XLP over the
FFT is 8.6%.

4.3.2

Noise robust methods

Table 4.3 presents the letter error rates obtained with three noise robust
approaches evaluated on the noisy SPEECON data sets. In the upper part
of Table 4.3, the baseline recognizer (BL-CMS), data-driven parallel model
combination (DPMC), multicondition training (MC-CMS) and missing
data mask estimation (MD-CMS) based methods are compared. Here,
“-CMS” denotes the lack of CMS.
For comparison, results from other sources are also gathered in Table 4.3. In the lower part, the BL-CMS, MC-CMS and MD-CMS systems
from the upper part of the table have been re-evaluated without the
DPMC related simplifications. The corresponding systems are denoted
by BL, MC and MD, respectively. The BL and MD results are taken
from (Remes, 2013) and MC from (Kallasjoki et al., 2014). The baseline
recognizer BL and the results obtained with it in (Remes, 2013) are
essentially the same as in (Kallasjoki et al., 2014) with the exception of
how the power feature is computed. The baseline system results from
(Kallasjoki et al., 2014) are not shown here to avoid confusion.
Even though it is demonstrated that the MD approach is a noise robust method, it still is quite far from the performance of multicondition
training.

Focusing on improving the mask estimation will arguably

lead to significant gains in recognition accuracy. The channel distortion
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Table 4.3. Letter error rates for the noisy SPEECON public place and car evaluation sets.
The averages are computed over both noise sets with 0.62 weight for the public
place noise and 0.38 weight for the car noise. The results in the upper part are
taken from Publication I, BL, MD results in the lower part from (Remes, 2013),
and MC in the lower part from (Kallasjoki et al., 2014).

Public place

Car

Close

Mid

Far

Close

Mid

Far

Avg.

BL-CMS

5.7

38.4

54.6

6.7

64.3

87.6

40.4

MD-CMS

4.5

24.9

38.0

4.9

32.6

75.7

28.2

DPMC

4.3

15.7

28.3

5.2

29.2

79.3

24.4

MC-CMS

7.5

9.4

17.7

5.9

13.0

42.5

15.0

BL

3.4

22.2

38.3

4.2

33.7

67.3

26.5

MD

3.6

14.3

23.1

3.9

19.9

39.6

16.5

MC

3.6

6.5

12.1

4.2

6.7

18.9

8.4

suppressing properties of CMS have a major impact on the recognition
accuracies since by disabling it, the average LERs are almost doubled
which renders DPMC, in its current form, an impractical method. Here,
the MD approach yields 30.1% and 37.7%, and MC approach 62.9% and
68.3% relative LER improvements over the respective baselines.
The results of the FFT system, presented in Table 4.2, and the BL
system, presented in Table 4.3, are practically comparable since the
systems are identical except for a slightly inferior language model in the
FFT system.

4.3.3

Mask estimation methods

Table 4.4 presents the keyword accuracy rates for the first CHiME corpus
evaluation set.

The baseline system trained on reverberant data is

denoted by BL and the multicondition trained system by MC. The reference mask estimation method based on the ITD – ILD pairs, described
in Section 3.4.1, is denoted by IIME. The mask estimation systems based
on the 14-component design feature set united with GMM classifiers and
with either sparse imputation or cluster-based imputation are denoted
by 14C+GMM+SI and 14C+GMM+CI, respectively. The 14-component
mask estimation with SVM classifiers and CI is denoted by 14C+SVM+CI.
The mask estimation method based on direct SVM classification of crosscorrelation representation, described in Section 3.4.2, and mask estimation based on automatic features learned by a single GRBM, described in
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Table 4.4. Keyword accuracy rates for the first CHiME corpus evaluation set. The
average keyword accuracies are computed over all SNRs without weighting.
The results in the upper part are taken from Publication IV, in the lower part
from Publication V, and the human results from (Barker et al., 2013).

9 dB

6 dB

3 dB

0 dB

-3 dB

-6 dB

Avg.

BL

86.3

78.3

68.5

53.9

44.3

41.9

62.2

14C+GMM+SI

84.3

78.3

67.3

57.1

44.2

42.7

62.3

IIME+GMM+CI

88.5

83.2

73.5

63.6

54.9

48.6

68.7

14C+GMM+CI

90.3

84.3

76.9

68.2

58.2

56.3

72.3

MC

88.4

84.3

78.8

71.3

61.3

53.9

73.0

iMC

89.0

86.3

82.4

74.3

65.2

61.8

76.5

14C+SVM+CI

91.0

85.3

79.4

68.8

56.2

53.7

72.4

XCOR+SVM+CI

90.5

86.1

80.0

69.2

57.4

55.8

73.1

AFME+SVM+CI

90.7

85.8

81.0

69.8

61.4

58.9

74.6

Human

98.8

96.8

95.3

93.8

93.0

90.3

94.7

Section 2.3, are denoted by XCOR+SVM+CI and AFME+SVM+CI, respectively. iMC denotes a multicondition system trained on 14C+GMM+CI
system imputed data. The human keyword accuracies are taken from
(Barker et al., 2013).
The 14C+GMM+SI system barely outperforms the baseline system
which suggests that either the SI does not succeed in reconstructing the
missing data in the estimated masks or there is an issue with the implementation of SI. Compared to BL, the system based on the IIME reference
mask estimation improves the average keyword accuracy by 10.5%. The
14C+GMM+CI system has a noticeable margin to the IIME in average
accuracy and its performance is close to the MC system. Substituting the
GMM classifiers to SVMs results in nearly identical average performance.
The XCOR+SVM+CI reference system, on the other hand, performs even
better than the respective 14C+SVM+CI system and the MC system.
From all the mask estimation methods, the highest average accuracy is
obtained with the AFME+SVM+CI system, proposed in Publication V.
From all the systems, the highest average accuracy is obtained with iMC
which indicates that is beneficial to train with imputed data in order to
the recognizer to learn or adapt to the errors made in reconstruction.
Table 4.5 presents the keyword accuracy rates obtained with the second
CHiME corpus evaluation set. The baseline system trained on reverberant data is denoted by BL and a multicondition trained system trained on
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Table 4.5. Keyword accuracy rates for the Track 1 of the second CHiME corpus evaluation set. The average keyword accuracies are computed over all SNRs without
weighting. The results are taken from Publication VI except for the human
results which are taken from (Barker et al., 2013). The development set oracle
mask results are exclusive for the thesis.

9 dB

6 dB

3 dB

0 dB

-3 dB

-6 dB

Avg.

BL

87.3

80.3

70.2

57.3

45.6

42.0

63.8

MC

86.3

83.3

78.9

71.8

64.1

54.3

73.1

dMC

88.6

86.8

80.8

74.6

66.3

57.9

75.8

dMC+AFSC

88.0

85.8

82.9

77.4

68.8

63.5

77.7

dMC+AFSC+SA

89.8

87.4

84.2

77.8

71.3

65.6

79.4

Oracle+CI (devel)

93.3

92.7

91.7

90.8

87.3

86.4

90.4

Human

98.8

96.8

95.3

93.8

93.0

90.3

94.7

noisy data by MC. dMC denotes a discriminatively trained multicondition
system. AFSC denotes mask estimation based on automatic features
learned by 21 GRBMs and 21 SVM classifiers united with CI. MLLRbased speaker adaptation is denoted by SA and the adaptation data is
obtained from the first-pass recognition hypotheses of the dMC+AFSC
system.

The human results are taken from the first CHiME corpus

(Barker et al., 2013) and assumed valid also for the second CHiME corpus.
The development set results for CI imputed oracle masks are also shown.
The oracle mask information in missing feature reconstruction provides
superior recognition accuracy in all SNR cases compared to the real ASR
systems. The oracle results even come relatively close to the human
performance, especially in 0 dB case. From the real ASR systems, the
best performing dMC+AFSC+SA system improves the keyword accuracies
2.9–56.2% compared to the baseline.
The results in Tables 4.4 and 4.5 are not fully comparable due to the
changes made in the corpus during the second CHiME challenge. The BL
systems in both CHiME corpora are functionally identical but with the
second CHiME data, the BL system gives slightly higher accuracies in all
SNRs.
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5. Discussion

The methods presented in the thesis have been shown to improve the
speech recognition accuracy in noisy environments. The improvements,
however, are not always significant and the reasons for that are not
always self-evident. The following general discussion provides insights
and explanations for the results, which are also reflected on the related
work in the field.
As demonstrated in Publication I and Table 4.3, the missing data approach is a robust method compared to the baseline recognizer but still
quite far from the performance of multicondition training. One of the
main factors in the missing data approach is the quality of the estimated
spectrographic mask. This suggests that the mask estimation based on
local SNR estimates, presented in Publication I and Table 4.3, produces
excessively inaccurate masks since the mask estimation methods utilizing
the variety of features are shown in Table 4.4 to achieve performance close
to the multicondition trained model, thus producing more accurate masks.
The system utilizing the proposed mask estimation method based on
automatic features is the best performing system and produces arguably
the highest quality masks.
Further improvement is obtained if the recognizer is trained in multicondition style with imputed data (Table 4.4).

In general, the best

possible robustness is not achieved with a single method but the combination of methods usually yields a significant leap in noise robustness
as observed e.g. in (Tüske et al., 2013; Ma and Barker, 2013).

For

example, the robustness of MFCC features is increased if the FFT shorttime spectral analysis is replaced by XLP but the improvement is not
significant enough for practical benefit. However, XLP can be applied in
conjunction with mask estimation and feature reconstruction for higher
recognition performance. Furthermore, optimizing the effective length
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of the moving average memory, as done in (Kallasjoki et al., 2009), may
provide additional performance improvement to XLP.
In (Gemmeke et al., 2011), SI was shown to give higher performance
than CI in reconstructing the oracle masks and estimated masks in low
SNR conditions. In Publication IV and Table 4.4, however, SI was able
to outperform CI on oracle masks but on the estimated masks, CI was
found to give significantly higher recognition accuracy in all SNR cases.
This provides more evidence that SI is relatively more sensitive to mask
estimation errors than CI, which was also concluded in (Gemmeke et al.,
2011).
The reconstructed features are successfully recognized with a discriminatively trained acoustic model subsequent to multicondition training
although the optimum order would be to apply discriminative training
to the multicondition acoustic model trained on imputed data (Table 4.5).
Despite combining five noise robust methods, the relative keyword recognition accuracy drop on the best performing system is approximately
30% while the human accuracy drops only less than 9% when the SNR
is decreased from 9 to −6 decibels. Examining the error distribution
of letters and digits reveals that both the human- (Barker et al., 2013)
and machine-made errors mostly originate from confusable letters such
as m and n. The difference, however, between the machine and human
recognition is that the humans performed better even in the worst case at
−6 dB than the machine in the best case at 9 dB.
A closer implementation to the CASA framework taking advantage e.g.
of fragment decoding for the core of denoising the cepstral features (Ma
and Barker, 2013), achieved an average keyword accuracy of 79.7% on
the first CHiME corpus, whereas 74.6% accuracy was obtained by the
comparable automatic feature based system in the thesis. This indicates that the simplification of mask estimation to a binary classification
problem is, perhaps, more harmful than expected since the CASA stage
of source grouping seems a highly advantageous operation. With the
second CHiME corpus, a system based on the ITD – ILD histogram mask
estimation, described in Section 3.4.1, was used as a binaural frontend processor achieving an average accuracy of 81.9% (Meutzner et al.,
2013).

As opposed to the binary-valued histogram masks utilized in

the thesis, Meutzner et al. (2013) applied real-valued histograms, which
has provided significant advantages over the binary-valued histograms,
even the different evaluation corpora considered. Real-valued front-end
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processing, and real-valued masks in general, can be seen to share some
of the principles of uncertainty decoding and offering its benefits.
Raw bandpass filtered speech signals were also initially used as input in
GRBM and MLP training providing only a small improvement in recognition accuracy over the “do-nothing” baseline. The reason for such a modest
gain might be that insufficient amount of training data was used as the
GRBMs, and MLPs in general, require relatively large amount of training
data in speech recognition related tasks for good acoustic modeling power
and reduced overfitting (Hinton et al., 2012). On the contrary, training the
GRBMs with the cross-correlation sample vectors, only a relatively small
amount of data was necessary for the training algorithm to converge and
for improvement in the mask quality. It is also possible that the optimal
network architectures were not used.
One result worth noticing (Table 4.4) is that the mask estimation
method based on direct classification of the cross-correlation vectors outperformed the method based on 14 design features which include features
derived from the cross-correlation representation. The average keyword
accuracy of XCOR mask estimation even exceeded the average accuracy
of the MC system. One explanation for this could be the dimensionality
of the features; the XCOR features contain 100 components/TF unit as
opposed to the design feature vectors comprising of 14 components. This
suggests that some information on the target location is lost in deriving
the binaural features. Another explanation could be the strong a priori
knowledge of the fixed speaker location that benefits the XCOR method.
This implies that the method based on 14 design features would offer
more flexibility if the target were moving, as in the second CHiME corpus.
Furthermore, the design feature mask estimation has more potential to
also work on single-channel speech signal.
The GMM and SVM classifiers offer similar recognition performance
on classifying the set of 14 design features (Table 4.4). However, SVM
was favored in the thesis because of the practical issues regarding the
computational speed and the fact that the input values can be discrete. In
Publication V, the values of oracle mask thresholds were originally optimized for GMMs thus giving the GMM classifiers advantage over SVMs.
In Publication III, the results obtained with the SVM classifiers were
relatively poor most likely due to the selection of features which captured
only a few essential characteristics of the multisource and reverberant
noise.
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The recent work by Wang and Wang (2012) proposed a method for mask
estimation by classifying a combination of amplitude modulated spectrogram, RASTA-PLP and MFCC features with multilayer perceptrons
trained as deep belief nets. In their study, the proposed classifier provided higher classification accuracy and HIT−FA than the SVM classifier
trained with the same data. HIT−FA, defined as the difference of the
ratio of correctly classified speech-dominant TF units and the ratio of
TF units misclassified as noise-dominant, has been shown to correlate
with speech intelligibility scores (Kim et al., 2009). However, the mask
accuracy as a metric does not automatically translate into good ASR
recognition accuracy, which was witnessed during the classifier parameter
optimization in Publication V. Wang and Wang (2012) did not incorporate
any speech recognition results in their work to demonstrate whether their
method would ultimately be beneficial to ASR.
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6. Conclusions

The thesis proposes methods for noise robust automatic speech recognition by improving the spectrographic mask estimation in the missing data
approach and by investigating the robustness of linear prediction based
spectral analysis in the computation of MFCC features.
Substituting the fast Fourier transform with extended linear prediction
in the short-time spectral analysis of MFCC feature extraction provides a
modest gain in noise robustness. XLP is easy to implement since there is
no need to modify other parts of the ASR system and further robustness
could be obtained in conjunction with other noise robust methods.
The proposed mask estimation methods, on the other hand, are much
more effective than XLP and are able to match or surpass the performance
of the multicondition trained system. The mask estimation method based
on automatically learned features by the GRBM network, especially,
presents a significant improvement over the reference mask estimation
method based on ITD – ILD histogram pairs. However, both proposed
mask estimation methods rely on stereophonic speech signals, which
restricts their online applicability. The high robustness also comes with
a cost as extra steps are needed to train and tune the classifiers and
imputation systems. Nevertheless, the process up to the imputation can
be seen as feature enhancement so there is usually no need to make
modifications to the ASR system.
The proposed noise robust mask estimation methods are not only applicable to ASR but also, computational aspects taken aside, to hearing aids.
From the signal enhancement point of view, the spectrographic masks can
be used to attenuate the background noise in noisy environments thus
increasing the speech intelligibility for people with hearing loss.
The overall recognition performance of the missing data approach is
heavily influenced by the correctness of the estimated spectrographic
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mask. Whether the estimation is founded on classifying a set of perceptually motivated features or learning acoustical patterns automatically, the
machines still base all their knowledge on tens to a couple of thousand
hours of speech training, whereas humans have started training their
recognition systems before they were even born. Despite the gap between
human and machine performance, the machine is slowly but steadily
reaching the human capabilities.
Broadening the study of incorporating neural networks in mask estimation would be a natural step since the research on the potential
applications of the refound MLPs is still scarce. One future direction could
be to investigate whether MLPs can automatically learn robust features
from the autocorrelation representation of a single channel speech data,
for instance, and evaluating the features on a monaural large vocabulary
corpus such as SPEECON.
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