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Estimating Uncertainty to Improve Exemplar-Based
Feature Enhancement for Noise Robust Speech
Recognition
Heikki Kallasjoki*, Jort F. Gemmeke, IEEE member, and Kalle J. Palomäki, IEEE member

Abstract—We present a method of improving automatic speech
recognition performance under noisy conditions by using a source
separation approach to extract the underlying clean speech
signal. The feature enhancement processing is complemented with
heuristic estimates of the uncertainty of the source separation,
that are used to further assist the recognition. The uncertainty
heuristics are converted to estimates of variance for the extracted
clean speech using a Gaussian Mixture Model based mapping,
and applied in the decoding stage under the observation uncertainty framework. We propose six heuristics, and evaluate them
using both artificial and real-world noisy data, and with acoustic
models trained on clean speech, a multi-condition noisy data set,
and the multi-condition set processed with the source separation
front-end. Taking the uncertainty of the enhanced features into
account is shown to improve recognition performance when the
acoustic models are trained on unenhanced data, while training
on enhanced noisy data yields the lowest error rates.
Index Terms—Uncertainty estimation, observation uncertainty,
exemplar-based, noise robustness, speech recognition.

EDICS Category: SPE-ROBU
I. I NTRODUCTION

P

ERFORMANCE of conventional automatic speech recognition (ASR) systems is generally strongly diminished in
the presence of noise. Feature enhancement methods are a
popular approach of mitigating this performance degradation.
The goal of a feature enhancement front-end is to produce an
estimate of the features that would have been extracted from
the underlying clean speech signal, had the noise not been
present. From a source separation point of view, the task is to
decompose the observed mixture of speech and noise sources,
and extract the clean speech signal.
In general, it is not possible for feature enhancement to
reconstruct a signal exactly identical to the original clean
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The research of Jort F. Gemmeke was funded by IWT-SBO project ALADIN
contract 100049. The recognition experimenters presented in this work were
performed in part using computational resources within the Aalto University
School of Science “Science-IT” project.
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speech. The performance of noise robust ASR can be further
improved by taking into account the varying reliability of
the enhanced features, e.g., by using observation uncertainty
techniques [1], [2] or uncertainty decoding [3]. In order to
utilize these methods, information of the uncertainty of the
enhanced features is required.
The uncertainty of observations is commonly modeled either
as a binary mask indicating “reliable” and “unreliable” components [4], [5], or by Gaussian distributions for each observation
frame [1], [2], [6]–[10], where the mean and covariance
represent the observed signal and its uncertainty, respectively.
In this latter category, variations of uncertainty approaches
have been applied in several scenarios, such as in multitalker
conditions [6], [7] or under environmental noise [8], [9]. The
use of uncertainty information has also been investigated in
conjunction with various feature enhancement methods, such
as parametric distortion models [1], ICA source separation [6],
auditory scene analysis [7] and multichannel beamforming [9].
In order to transform the uncertainty information from the
feature enhancement domain into a domain more suitable for
speech recognition, both transformations learned from data
[2], [5], [10] and uncertainty propagation approaches based
on the feature computation algorithms [6], [8], [9], [11] have
been used. In addition to the actual recognition phase, the
training of acoustic models for speech recognition has also
been improved by taking uncertainty of features into account
[8].
A novel feature enhancement method based on sparse source
separation for improving noise robustness of ASR has been
proposed in [12]. This method is based on representing the
noisy observation as a sparse linear combination of atoms in
a predefined dictionary of speech and noise samples (exemplars). However, the method does not inherently provide a
way of measuring the variance of the produced estimates of
the clean speech features. In the present study, we focus on the
problem of estimating the reliability of the enhanced features
in order to benefit from observation uncertainty techniques,
and propose methods for estimating the required variances by
using heuristic measures of the feature enhancement uncertainty.
The use of such heuristic measures for exemplar-based
representations has been briefly explored in our preliminary
work, in conjunction with two feature enhancement methods: the sparse source separation approach investigated in
this work [10], as well as a sparse missing data imputation
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approach [2], where the observations considered unreliable
are reconstructed based on the reliable values. These earlier
investigations have been performed using artificial additive
noise scenarios, and acoustic models trained on clean speech
data.
For this more detailed account, we focus on the source
separation approach and investigate its performance using a
realistic large vocabulary speech corpus recorded in real-world
noisy environments, as well as cover acoustic model training
with a multicondition training set. In addition, we introduce
two further heuristics, propose using a channel normalization
step to enhance the match between the predefined dictionaries
and the observed signal, and provide a more detailed analysis
of the proposed uncertainty heuristics.
The remainder of this paper is structured as follows. The
feature enhancement approach used is described in Section
II. The observation uncertainty model is presented in Section
III-A, and the heuristic uncertainty estimates are enumerated
in Section III-B, while Section III-C explains the selected
method of mapping the heuristic estimates to the acoustic
model feature domain. The speech recognition system and
experiments are described in Section IV, and the results in
Section V. The results are discussed in Section VI, and
conclusions presented in Section VII.
II. F EATURE E NHANCEMENT OF N OISY S PEECH
A. Exemplar-based Representation of Noisy Speech
The sparse source separation approach used in this work
was initially presented in [13]. It is based on representing a
noisy magnitude mel-spectrogram as a sparse, non-negative
linear combination of example speech spectrograms called
exemplars.
We denote by y a T -frame magnitude mel-spectrogram of
B frequency bands, stacked into a vector of length T B. In
the case of additive noise, y is approximated as the sum of
clean speech spectrogram s and a noise spectrogram n. Both
the speech and noise are approximated as weighted linear
combinations of exemplars from speech and noise dictionaries.
We denote the J exemplars of the clean speech dictionary as
asj , where j = 1, . . . , J, and the K exemplars of the noise
dictionary as ank , k = 1, . . . , K, giving the model
y ≈s+n
≈

J
X

(1)

xsj asj +

j=1

K
X

xnk ank

(2)

k=1

" #

xs
n


= As

A

= Ax

such that xs , xn ≥ 0,

(3)

xn

(4)

where xs and xn are the activations, i.e., the sparse representations of the underlying speech and noise, respectively.
The complete activation vector x is obtained by solving the
constrained optimization problem
min d(y, A x) + kλ .∗ xk1
x

s.t.

x ≥ 0,

(5)

where d(·, ·) is the generalized Kullback-Leibler divergence,
and the second term is a L1 regularization term over the
activation vector designed to induce sparsity in the representation. The activations are weighted by a sparsity coefficient
vector λ using an elementwise multiplication operator .∗. The
optimization problem (5) is solved by using a multiplicative
update routine [12].
B. Sparse Separation Feature Enhancement
In order to apply the source separation method to utterances
of arbitrary length, we use a sliding time window approach as
in [12]. In this approach, the magnitude mel-spectrogram of a
noisy utterance is represented using a number of overlapping
speech segments, each T frames long.
For each segment τ , we solve the optimization problem
described in Section II-A, and obtain corresponding activation
vector xτ . From the sparse representation, we can derive
estimates for the clean speech and noise spectrograms as
s̃τ = As xsτ ,

(6)

ñτ = An xnτ ,

(7)

where xsτ and xnτ are the activation vector components corresponding to the clean speech and noise dictionaries, respectively. In order to obtain estimates for each frame t,
the corresponding frames of the estimates of all windows
overlapping frame t are averaged.
Finally, we process the original noisy features yt of frame t
as follows. We define a mel-spectral domain Wiener filter ht
as
ht = s̃t ./ (s̃t + ñt ) ,
(8)
where ./ denotes elementwise division. The enhanced magnitude mel-spectral features are then obtained as
ŝt = ht .∗ yt .

(9)

The enhanced features are used as the observations for the
speech recognition and acoustic model training.
C. Channel Normalization
Any mismatch between the observed features and the constructed speech and noise dictionaries is detrimental to the
performance of the feature enhancement system. Differences
in the recording conditions for the dictionary exemplars and
the actual recognition task are one reason for such mismatch. In particular, inconsistent frequency responses of the
microphones involved may cause a significant convolutional
distortion to the obtained features. To reduce this mismatch,
it is desirable to add scaling factors to normalize the obtained
features. However, in conventional mean and variance normalization, both the speech and noise components would affect
the resulting scaling, creating a mismatch between the noisefree clean speech dictionary and the speech component in the
noisy signals to which the source separation is applied.
To counteract this problem, we apply a normalization
method that attempts to scale the frequency bands of the
speech component of a noisy signal in such a way that it is
normalized to the same value regardless of the type or strength
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of the noise. The approach is an adaptation of a related method
shown to counteract spectral deviation and scaling differences
in a missing data ASR scheme [14].
First, each frequency band of the logarithmic mel-scale
spectrogram is smoothed by using an unweighted averaging filter over a Tsmooth -frame neighborhood. Then, the five highestvalued local maxima of each frequency band are located,
and their mean is used as the value of the normalization
factor corresponding to that frequency band. Choosing local
maxima is based on the assumption that they are more likely
to correspond strong speech regions and are less biased by the
noise component than less energetic regions. The normalization is performed in the logarithmic mel-spectral domain, by
subtracting the per-utterance normalization vector from each
observation frame. After the feature enhancement processing,
the normalization vector is added back to cancel the effects of
the normalization. The channel normalization is also applied
to data used to construct the speech and noise exemplar
dictionaries.
III. O BSERVATION U NCERTAINTIES
The reliability of the clean speech estimates produced by
any feature enhancement system varies depending on, e.g., the
dynamic noise conditions in the observed signal. Observation
uncertainties [1], [15] provide a framework for taking the
expected variance of the enhanced features into account in
the speech recognition process.

A. Decoding with Observation Uncertainties
The decoding process of a conventional HMM-based speech
recognition system combined with feature enhancement is typically based on obtaining an estimate of the underlying clean
speech features in the acoustic model domain, ςˆt = FE(yt , θ),
where yt is the noisy observation, and FE and θ denote the
feature enhancement method and its parameters, respectively.
The decoder then produces the output based on the state
likelihoods L(q) = p(ˆ
ςt | M, q), where q denotes a particular
state of the acoustic model M. From a probabilistic point of
view, ςˆt can be seen as a point estimate of the clean speech
features.
When observation uncertainties are used, the point estimates
ςˆt are replaced with posterior distributions p(ς | yt , θ) defined
by the feature enhancement process. In decoding, the state
likelihoods are then calculated by marginalizing over the
acoustic model features ς, yielding
Z
L(q) = p(ς | yt , θ) p(ς | M, q) dς.
(10)
Observation uncertainties, and the closely related technique
of uncertainty decoding, have been successfully used with
various feature enhancement approaches [1]–[3], [6], [7], [9].
When the acoustic model M contains a Gaussian mixture
model (GMM) for each state q, the total likelihood L(q) is a
weighted sum of likelihoods L(l) for each mixture component
l. If the posterior probability p(ς | yt , θ) given by the feature
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enhancement method is further restricted to be Gaussian as
proposed in [1], the likelihood computation reduces to
Z
L(l) = N (ς | ςˆt , Σt ) N (ς | µ(l) , Σ(l) ) dς
(11)
= N (ˆ
ςt | µ(l) , Σ(l) + Σt ),

(12)

where µ(l) and Σ(l) are the mean and covariance of mixture
component l in the acoustic model, and ςˆt and Σt denote the
estimated mean and covariance of the clean speech posterior
for frame t.
The heuristic uncertainty estimates presented in Section
III-B produce, for each speech frame, either a single scalar
value estimating the overall uncertainty, or a vector in the melspectral domain. In order to apply (12), however, a covariance
estimate Σt in the feature domain used by the acoustic models
is required. In this work, we use diagonal covariances Σt =
diag(σt ) and, following [5], a supervised learning approach
to transform the heuristic values into variance estimates σt in
the acoustic model domain, described in Section III-C.
B. Uncertainty Heuristics
The feature enhancement system used in this work produces
only a point estimate of the clean speech features. In our
preliminary studies, heuristic measures to estimate the feature reliability have been successfully applied to the sparse
separation feature enhancement method considered in this
work [10] as well as sparse imputation based methods [2].
Empirical measures have also been considered in the context
of uncertainty propagation [11].
In this work, six heuristics are considered. Heuristics 1, 4,
5 and 6 also appear in our earlier work [10], while the present
study proposes the additional heuristics 2 and 3 as variants
based on the magnitude of changes between the noisy and
enhanced features.
Notation: In the descriptions, Hn(t, m) is the estimated
uncertainty for heuristic number n, frame t and mel-spectral
band m. For those heuristics that only produce a single scalar
for each frame, m has been omitted. The scaling function
S(x), used in heuristics H4–H6, denotes a linearly scaled
version of x, so that over a single utterance, the resulting
values range from zero to one. This scaling is used with
heuristics whose absolute values vary widely for different
utterances.
Relative difference (H1): If the enhanced features differ
much from the observed noisy features, the uncertainty of the
reconstruction is also likely to be relatively large. Therefore
we propose to use the relative difference between noisy and
enhanced features in each mel-spectral band as an uncertainty
measure:
[ŝt ]m
[yt − ŝt ]m
=1−
.
(13)
H1(t, m) =
[yt ]m
[yt ]m
Given that [ŝt ]m = [ht ]m [yt ]m , H1 can also be expressed in
terms of the Wiener filter, as
H1(t, m) = 1 − [ht ]m ,

(14)

and is related to using the variance of the Wiener filter as the
uncertainty estimate, as proposed in [11].

4

IEEE TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. Z, NO. Y, JANUARY 20XX

Absolute difference (H2): Analogously to H1, we define the
second heuristic by considering the squared absolute difference
of the noisy and enhanced features:
2

H2(t, m) = log ([yt ]m − [ŝt ]m ) .

(15)

The difference between noisy and enhanced features has been
used directly as an empirical uncertainty estimate in the STFT
domain, in [6] with a single scaling factor determined from
oracle data, and in the uncertainty training framework of [8]
with a scaling factor varying as a function of the frequency
band. In this work, the absolute differences are additionally
log-compressed in order for their distribution to be easier to
model using Gaussian mixtures, as needed for the mapping to
the acoustic model domain described in Section III-C.
Logarithmic difference (H3): As a final variant of the
heuristics based on the magnitude of changes caused by the
feature enhancement, we define the third heuristic as the
difference between the noisy and enhanced log-scale melspectral features:
H3(t, m) = [log yt − log ŝt ]m .

(16)

The log-scale enhanced features are directly used in the
computation of the MFCC features used by the acoustic
modeling of the speech recognition system. Again, given that
[ŝt ]m = [ht ]m [yt ]m , H3 reduces to
H3(t, m) = − log [ht ]m .

(17)

Number of active exemplars (H4): When there is significant
mismatch between the observed signals and the speech dictionary or the noise dictionary, there are no single exemplars
that would be close to the speech or noise sources of the
observation, and the sparse representation will consist of
multiple exemplars. The uncertainty of the reconstruction in
this case can be expected to be relatively large. Accordingly,
we can make the uncertainty proportional to the number of
significantly non-zero components in the activation vector:
!
X
XX
I(xτ,i > TH4
xτ,i0 ) ,
H4(t) = S
(18)
τ

i

i0

where the summation index τ ranges over the speech segments
that contain frame t, indices i and i0 sum over all dictionary
exemplars, xτ,i are the activation vector components, and
the indicator function I(p) = 1 when the
P proposition p is
true, and otherwise zero. The term TH4 i0 xτ,i0 is used to
make the threshold value TH4 relative to the overall activation
magnitudes at frame τ . The value of TH4 was chosen by
small-scale testing, and is used both to provide a tunable
free parameter, as well as to take into account that the
iterative matrix factorization solution never results in truly zero
activation vector components.
Number of active clean speech exemplars (H5): Similarly
to H4, when using the sparse separation approach, we can
consider how well the underlying clean speech is being modeled by restricting the summation to the part of the activation
vector corresponding to the clean speech dictionary:
!
XX
X
s
s
H5(t) = S
I(xτ,i > TH5
xτ,i0 ) .
(19)
τ

i

i0

Noise and clean speech exemplar weights (H6): When the
activation vector weights corresponding to noise exemplars
are large compared to those corresponding to clean speech
exemplars, the observed signal is likely to have been relatively
noisy, and as a result the clean speech estimate can be
considered to be more uncertain. Therefore we propose to set
the observation uncertainties proportional to the ratio of total
weight given to noise and speech exemplars:
P P n !
xτ,i
,
(20)
H6(t) = S Pτ Pi s
τ
i xτ,i
where τ again ranges over the segments containing frame t.
This quantity acts as as a type of an estimate for the SNR
within a frame, though it is also influenced by how well the
exemplars in the noise dictionary match the noise component
of the observations.
Oracle uncertainty: When knowledge of the true underlying
clean speech signal is available, it is possible to derive an
oracle uncertainty estimate in the acoustic model feature
domain as the squared error between the clean features and
the enhanced features:
2

ORACLE(t, i) = (M(yt , i) − M(st , i)) ,

(21)

where M(x, i) denotes the i’th component of the acoustic
model features given by processing the observation x. This
oracle estimate is used in experiments performed on artificial noisy data as a comparison method for the heuristic
approaches.
C. Uncertainty Mapping
The uncertainty measures proposed in Section III-B characterize the uncertainty of either the produced mel-spectral
feature components or the entire frame. In order to use the
observation uncertainty technique described in Section III-A,
however, variance estimates in the acoustic model domain are
required. Following [10] and [16], in this work a GMM is used
to transform the heuristic value, denoted H, into the estimated
acoustic model domain observation uncertainty σ.
The GMM models the joint distribution of H and σ as
X
p(z) =
P (k)N (z | µ(k) , Σ(k) ),
(22)
k


T
where z = H log σ
are the concatenated uncertainty
values, k is a mixture component index, P (k) is the mixture
component weight, and µ(k) and Σ(k) the mixture component
mean and covariance. The acoustic model domain uncertainties σ are logarithmically compressed in order for their
distribution to better fit the Gaussian assumption.
Given an uncertainty estimate Ht calculated using one of
the heuristics for frame t, the minimum mean square error
(MMSE) estimate given by the GMM for the corresponding
acoustic model domain uncertainties is calculated as
X
E{log σt | Ht , Λ} =
P (k | Ht , Λ)E{log σt | Ht , Λ, k},
k

(23)
where Λ denotes the GMM parameters. The posterior probabilities P (k | Ht , Λ) for cluster k are calculated using the
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component weights P (k) and the likelihoods p(Ht | Λ, k)
based on diagonal covariances. The cluster-conditional estimates of (23) are calculated as
E{log σt | Ht , Λ, k} = µσ + ΣHσ Σ−1
HH (Ht − µH ),

(24)

where µH and µσ are the means of heuristic and acoustic
model domain uncertainties, ΣHσ the cross-covariance, and
ΣHH the covariance of the heuristic values. These means and
covariances are subsets of µ(k) and Σ(k) of (22).
The GMM parameters Λ for a particular heuristic are
obtained with expectation-maximization (EM) training on an
artificial noisy data set using the oracle estimate of the
variances in the acoustic model domain as the target σ vector.
IV. E XPERIMENTAL S ETUP
A. Data
The speech recognition experiments were performed on
material from the SPEECON [17] Finnish language corpus.
Two training sets consisting of approximately 21 hours of
speech were defined. The clean speech training set contained
read speech from 293 speakers, recorded in a relatively quiet
office environment with a close-talking headset microphone.
The multicondition training set was constructed by replacing
half of the clean speech utterances with noisy data. The noisy
samples included recordings in a moving car, both indoors
and outdoors in public places, as well as indoor environments
with television or music playing in the background. Closetalking, lavalier and medium-distance (approximately 1 meter
from the speaker) microphones were used to record the noisy
utterances.
For artificial noisy mixture experiments, headset microphone recordings from 40 speakers in the office environments
were used as the source of clean speech data. To obtain
the desired SNR, the clean speech sentences were mixed
together with suitably scaled SPEECON recordings containing
no speech activity, from both the car and public place environments. For both environments, data sets with nominal SNRs of
5, 10 and 15 dB were constructed. Each data set was based on
the same clean speech recordings, but used different randomly
selected segments of noise. Additionally, a separate data set
was constructed from 500 utterances randomly selected from
the clean speech training set, mixed with noise recordings
from both environments, at SNR levels of 4–20 dB. This
data set, denoted “Map”, was used for training the mapping
of uncertainty heuristics to the acoustic model domain. Both
unweighted and A-weighted SNR measurements for the artificial noisy data sets are shown in Table I. As the spectral
properties of the two noise types are very different, using the
same chosen unweighted SNR value results in significantly
different A-weighted SNR values.
Speech recognition performance on real noisy utterances
was evaluated using noisy speech test sets from the moving
car (“Car”) and public place (“Public”) environments. The car
and public place evaluation sets contained phonetically rich
sentences of read speech from 20 and 30 individual speakers,
with total lengths of 57 and 94 minutes, respectively. The
SPEECON read speech text material was collected from text
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TABLE I
S IGNAL - TO -N OISE R ATIOS OF A RTIFICIAL N OISY DATA S ETS
Unweighted (dB)

A-weighted (dB)

Car, 5 dB
Car, 10 dB
Car, 15 dB

5.0
10.0
15.0

3.4
8.3
13.3

Public, 5 dB
Public, 10 dB
Public, 15 dB

5.0
10.0
15.0

9.9
15.0
19.9

Map

7.8

11.6

files found in the Internet, and was not restricted to any limited
vocabulary.
Each utterance was simultaneously recorded using a closetalking headset microphone (“mic 1”), a lavalier microphone
positioned between the chin and shoulder of the speaker (“mic
2”) and a medium-distance microphone (“mic 3”), in both the
car and public place conditions, forming a total of six separate
evaluation data sets. Average SNR estimates as provided by
the SPEECON recording platform for the three microphones
were 14 dB, 5 dB and 8 dB for the car recordings, and 24 dB,
14 dB and 9 dB for the public place recordings.
For each evaluation set, there was a corresponding development data set of approximately half the length, but
equivalent in other respects. No speakers were shared between the training, evaluation and development data sets. The
development sets were used for small-scale experiments to
determine parameters for the feature enhancement and speech
recognition systems.
B. Feature Enhancement
The feature enhancement front-end operated on 21dimensional mel-scale spectral features computed from 16 kHz
audio signals, using Hamming window frames of length 16
ms (256 samples) and a frame step of 8 ms. Throughout the
experiments, a window size of T = 15 frames and a window
step of a single frame was used for the sliding-window source
separation algorithm described in Section II-B. The window
size was selected based on small-scale experiments on the
development sets.
The clean speech exemplar dictionary for the source separation feature enhancement system was constructed by extracting 20000 random windows of speech from the SPEECON
clean speech acoustic model training set. Similarly, a single
fixed noise dictionary used was constructed by taking 4000
random windows from the non-speech regions in microphone
2 and 3 recordings in the car and public place environments
contained in the SPEECON multicondition training set. As
the SPEECON utterances contain relatively long leading and
trailing segments with no speech activity, the first and last
five windows of the utterance currently being processed were
also dynamically added to the noise dictionary. Both dictionary
sizes were selected based on small-scale experiments.
A simple voice activity detector (VAD) based on a background noise estimate formed from the leading and trailing
non-speech parts of the recordings was used in locating
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probable speech and non-speech frames in the training data
for constructing the dictionaries. Frames were classified as
speech if the Euclidean distance of the observed mel-spectral
feature from the mean of the first and last 60 frames, which
were assumed to have no speech activity, was greater than a
threshold value. The threshold was set to be 0.15Dmax , where
Dmax was the maximum distance over the entire utterance.
The sparsity coefficient
vector λ in (5) was constrained

to be of the form λs · · · λs λn · · · λn , with λs
and λn corresponding to exemplars of the speech and noise
dictionaries, respectively. Values of λs = 1, λn = 0.5 were
selected based on small-scale experiments on the development
set.
The three microphones used for the SPEECON recordings
had significantly different frequency response characteristics,
so the normalization scheme described in Section II-C was
used. Both the utterances used for dictionary construction and
for speech recognition experiments were normalized with the
same method. The smoothing filter parameter Tsmooth was set
to 10 frames.
The recorded utterances in the SPEECON corpus have substantial segments containing only leading and trailing noise,
often for more than a third of the total utterance length. When
the source separation feature enhancement is applied to these
utterances, the parts with no voice activity will be heavily
attenuated. However, small deviations in the Wiener filter
coefficients caused by weak, transient noises will show up as
highly visible structures in the logarithmic spectral domain,
leading the speech recognition system to assign spurious
phonemes for the sections with no real speech content. To
alleviate this problem, the Wiener filter coefficients were
thresholded so that ht ≥ 0.05 for all frames and frequency
bands.
Threshold values TH4 and TH5 used in (18) and (19) for
determining the number of significantly nonzero activations
for uncertainty heuristics H4 and H5 were set to TH4 = 0.02
and TH5 = 0.001, based on development set experiments.
C. Speech Recognition System
Three sets of acoustic models were trained for the speech
recognition experiments. A baseline clean speech model was
trained on the SPEECON clean speech training set, and a baseline multicondition model was trained on the multicondition
training set. Finally, a feature enhancement model was trained
on the multicondition training set processed using the source
separation feature enhancement front-end.
A large vocabulary continuous speech recognition system
was used to perform the speech recognition experiments. The
acoustic models were based on cross-word triphones modeled
as hidden Markov models using Gaussian mixtures for observation probabilities. On average mixtures of 16 Gaussians
were used to model the speech feature space. Additionally,
a separate Gamma probability distribution was used for state
duration modeling [18].
Language model used by the recognizer was a variablelength n-gram model trained with a growing method on a
Finnish language book and newspaper data set of approximately 145 million words. The language modeling units were

TABLE II
L ETTER E RROR R ATES (LER) OF R ECOGNITION OF E NHANCED
F EATURES B OTH W ITH AND W ITHOUT C HANNEL N ORMALIZATION ON
D EVELOPMENT S ET DATA

1

Car
2

3

1

Public
2

3

Avg.

BL

3.2

35.0

52.8

3.4

30.2

51.1

29.3

FE
FE+N

4.4
4.7

13.7
13.6

34.1
24.5

6.1
5.2

13.3
12.0

19.0
16.8

15.1
12.8

mic:

statistical morphemes learned from the text corpus with an
unsupervised method [19]. A single-pass time-synchronous
Viterbi beam search algorithm was used by the decoder to
combine the acoustic and language model scores. Scaling
factor parameters of the language model scores for each of
the evaluation sets were based on recognition results on the
corresponding development data sets.
V. R ESULTS
The beneficial effect of the channel normalization method
proposed in Section II-C was verified by performing a smallscale speech recognition experiment. Results of this experiment are presented in Section V-A. The proposed uncertainty
heuristics are analyzed in detail in Section V-B, primarily by
considering the correlations of both the predicted variances as
well as errors of the predicted variances for different heuristics.
Finally, results of the speech recognition performance evaluation are reported in Section V-C.
Letter error rate (LER) percentages have been used as the
primary performance metric for speech recognition accuracy
in all the recognition experiments in this work. As Finnish
is an agglutinative language, Finnish words are often long
and consist of several morphemes, such as the word ’kahvinjuojallekin’, representing the entire phrase “also for a coffee
drinker”. The LER metric is therefore seen to correspond better
to the conventional word error rate (WER) used for languages
like English, whereas using the WER metric with Finnish
would be closer to measuring sentence or phrase error rates.
A. Channel Normalization
The recognition performance experiment for the channel
normalization method was performed using the development
(parameter-tuning) data set of real car and public place noise.
Results of the experiment are summarized in Table II. In
the table, abbreviation “BL” denotes the baseline method,
which does not use any feature enhancement, while “FE” and
“FE+N” denote the sparse source separation feature enhancement without and with the described channel normalization,
respectively. Performing the normalization step improved the
recognition accuracy for all test conditions except the least
noisy car recording channel, where using the feature enhancement in general had a detrimental effect on recognition.
B. Analysis of Uncertainty Heuristics
In order to compare the behavior of the uncertainty heuristics under car and public place noise, histograms of the
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0.04
0.02
0
0

0.5
Heuristic value

Fraction of occ.

Fraction of occ.

Fraction of occ.

0.3
0.06

0.4
0.3
0.2
0.1
0
0

1

0.2

H2

0.1

H3

H1
0.9

H4
1
2
Heuristic value

(b) H2

3

0.05

0
0

0.5
Heuristic value

0.1
0.05
0
0

1

0.5
Heuristic value

(d) H4

1

0.96

H4

0
0

0.5
Heuristic value

1

(f) H6

1
H2

0.99

H3

0.98

H5
0.96

H6
H1

H2

H3

H4

H5

(a) Car noise

H6

H3

H4

H5

H6

H1

H2

H3

H4

H5

H6

(b) Public place noise

TABLE III
R ECOGNITION E RROR R ATES OF AVERAGED H EURISTICS H1, H2 AND H3
IN R EAL N OISE

1

Car
2

3

1

Public
2

3

Avg.

H1
H1mean

4.8
4.8

11.1
11.4

30.1
29.9

3.8
3.9

9.0
9.2

14.6
14.8

12.2
12.3

H2
H2mean

4.7
5.0

11.0
10.9

29.4
27.7

4.1
4.6

9.2
9.9

14.3
14.7

12.1
12.1

H2
H2mean

4.8
4.8

11.3
11.4

30.5
30.2

4.1
3.9

9.2
9.4

14.7
14.9

12.4
12.4

mic:

H4

0.94
H6

0.6

H6
H2

0.05

0.97
H5

0.7

Fig. 3. Mean Pearson’s correlation coefficient for predicted acoustic model
domain uncertainty estimates produced by the different heuristics.

0.1

H1

H3

0.7

(a) Car noise

1

0.98

0.8

H4

H6

Fig. 1.
Distributions of the values of the six uncertainty heuristics as
computed for a development real noise data set both for car and public place
noise. Histograms show the overall distribution of values, while the solid
and dotted lines denote the distribution for only car and public place noise,
respectively.

H2

H3

0.15

(e) H5

H1

0.8

H5

0.2
Fraction of occ.

Fraction of occ.

Fraction of occ.

0.2

0.9

0.6

(c) H3

0.15

H2

H5

H1
0.1

1

H1

0
0

0.2
0.4
Heuristic value

(a) H1

1

7

H1

H2

H3

H4

H5

H6

(b) Public place noise

Fig. 2. Mean Pearson’s correlation coefficient for errors (absolute difference
from oracle values) in predicted acoustic model domain uncertainty estimates
produced by the different heuristics.

distribution of the individual uncertainty heuristic samples, for
the noisiest (microphone channel 3) real noise development set
data are presented in Fig. 1. In general, the distributions for
the car and public place noise types do not differ from each
other qualitatively.
For heuristics H1 and H3, there are large peaks at heuristic
values 0.95 and − log 0.05 ≈ 3, respectively, where the
fraction of occurrences is approximately 0.28. These peaks are
artificial, and are due to the filter thresholding constraint ht ≥
0.05, described in Section IV-B, which inflates the amount
of time-frequency components t, m for which [ht ]m = 0.05
The locations of the peaks follow directly from expressing the
heuristic values of H1 and H3 in terms of the Wiener filter
coefficients, as seen in (14) and (17).
Uncertainty heuristic H6, based on the ratio of speech and
noise dictionary activation weights, shows a bimodal structure.
Based on a manual examination of a sampling of frames with
H6 values in both modes, the modes seem to correspond with
whether the observed frame contains any speech activity at all.
To determine whether individual heuristics are relatively
better suited for different conditions, pairwise Pearson’s correlation coefficients were computed between the errors made
by the uncertainty heuristics, i.e., the absolute difference

between the estimated and oracle observation uncertainties in
the acoustic model domain. The pairwise correlation matrices
are presented in Fig. 2. The correlations have been computed
over the combined artificial noisy data sets of all three SNR
levels (5 dB, 10 dB and 15 dB) of a particular noise type.
Corresponding correlations between the heuristic predictions
themselves are shown in Fig. 3.
The oracle variances contain occasional large outliers that
would have biased the correlation coefficients, as they are not
predicted by any of the heuristics. Therefore, only acoustic
model feature components where the oracle variance was
within two standard deviations from the mean, 97 % of the
total number, were included in the correlation analysis of the
errors.
In order to assess the effectiveness of considering the
different mel frequency bands separately, the heuristics H1, H2
and H3 were compared against variants which used an average
across the frequency bands as a scalar uncertainty estimate for
a single frame. Table III compares the obtained letter error
rate percentages, when using the source separation front-end
in conjunction with acoustic models trained on clean speech.
In general, there were no significant differences between the
original heuristics and the averaged versions.

C. Speech Recognition Experiments
The speech recognition performance of all six evaluated
uncertainty heuristics, in the case of acoustic models trained
with clean speech, is shown in tables IV and V for the artificial
and real noisy data sets, respectively. As the underlying clean
speech signal is known in the case of artificial noisy data,
Table IV also includes the speech recognition results obtained
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TABLE VI
R ECOGNITION E RROR R ATES ON A RTIFICIAL N OISY U TTERANCES

TABLE IV
R ECOGNITION E RROR R ATES OF U NCERTAINTY H EURISTICS WITH
C LEAN S PEECH M ODELS FOR A RTIFICIAL N OISY DATA

SNR (dB):

Map
7.8

baseline
SS
SS
SS
SS
SS
SS
SS

+
+
+
+
+
+

H1
H2
H3
H4
H5
H6

SS + oracle

15

Car
10

5

55.1
25.8

29.3
11.7

64.2
22.6

26.4
25.7
26.3
25.3
25.2
25.7

11.0
10.8
11.0
10.9
10.5
10.8

18.3

7.5

SNR (dB):

15

Car
10

5

15

Public
10

5

CL-NO
CL-SS
CL-UC

29.3
11.7
10.5

64.2
22.6
21.1

93.0
46.2
44.6

18.0
9.5
8.5

38.8
16.3
15.5

66.8
32.1
32.0

33.6
32.8
33.4
32.0
32.0
33.0

MC-NO
MC-SS
MC-UC

13.5
11.0
10.3

27.2
19.1
17.1

57.9
35.1
31.3

7.7
10.2
9.3

14.1
14.2
13.0

32.8
24.2
21.9

FE-SS
FE-UC

8.8
9.3

16.2
16.9

34.9
36.0

6.5
6.8

10.6
10.9

23.0
24.4

25.7

TABLE VII
R ECOGNITION E RROR R ATES ON R EAL N OISY U TTERANCES

15

Public
10

5

93.0
46.2

18.0
9.5

38.8
16.3

66.8
32.1

22.4
21.6
22.1
21.4
21.1
21.5

47.8
45.8
47.4
44.7
44.6
45.3

8.2
8.4
8.2
8.7
8.5
8.9

15.5
15.5
15.5
15.6
15.5
15.7

13.8

32.6

6.6

11.6

TABLE V
R ECOGNITION E RROR R ATES OF U NCERTAINTY H EURISTICS WITH
C LEAN S PEECH M ODELS IN R EAL N OISE

1

Car
2

3

baseline
SS

4.3
5.7

29.5
13.3

SS
SS
SS
SS
SS
SS

4.8
4.7
4.8
4.9
4.8
5.1

11.1
11.0
11.3
10.4
10.4
11.2

mic:

+
+
+
+
+
+

H1
H2
H3
H4
H5
H6

1

Public
2

3

Avg.

69.0
32.5

3.4
5.1

23.5
10.1

39.5
15.3

28.2
13.7

30.1
29.4
30.5
26.3
26.5
28.6

3.8
4.1
4.1
4.0
4.1
4.5

9.0
9.2
9.2
9.4
9.4
9.6

14.6
14.3
14.7
14.1
14.0
14.9

12.2
12.1
12.4
11.5
11.5
12.3

when using oracle uncertainty values. In both tables, the bestperforming heuristic is indicated in bold.
Based on overall performance, uncertainty heuristics H4 and
H5 were chosen to be used for comparisons between methods
in real and artificial noisy data experiments, respectively.
Obtained letter error rates for the three acoustic model training
sets (clean, multicondition, and feature-enhanced multicondition) are presented in Table VI for the artificially mixed noise,
and Table VII for the realistic noisy utterances. In both tables,
results are given for the evaluation utterances both without
and with the feature enhancement front-end processing, and
furthermore in the latter case both without and with the
heuristic observation uncertainties used in the decoding step.
Each system is denoted by an abbreviation of the form “X-Y”,
where X indicates the acoustic model training set (“CL” clean,
“MC” multicondition”, “FE” feature enhanced multicondition)
and Y indicates the feature enhancement frontend in use
(“NO” none, “SS” sparse separation, “UC” sparse separation
enhanced with observation uncertainties). The best-performing
method for a particular acoustic model is indicated in bold,
while the best performance overall is underlined.
The results of statistical significance testing of the results
in Tables IV–VII are shown in Appendix A.
VI. D ISCUSSION
A. General Discussion
All six proposed uncertainty heuristics improve the recognition performance of the feature enhancement front-end when

1

Car
2

3

1

Public
2

3

CL-NO
CL-SS
CL-UC

4.3
5.7
4.9

29.5
13.3
10.4

69.0
32.5
26.3

3.4
5.1
4.0

23.5
10.1
9.4

39.5
15.3
14.1

MC-NO
MC-SS
MC-UC

4.2
7.0
6.0

6.7
8.8
7.5

18.9
16.4
13.0

3.6
7.3
6.0

6.5
10.0
9.2

12.1
11.7
10.9

FE-SS
FE-UC

4.1
4.3

5.7
5.9

12.8
12.2

3.7
3.8

5.4
6.0

8.4
8.8

mic:

used in conjunction with acoustic models trained on clean
speech and in the presence of noise. Applying the source separation front-end in conjunction with acoustic models trained
using the (unenhanced) multicondition training set is beneficial
for the noisier scenarios: all except one of the artificial noisy
data sets, as well as the “mic 3” recording channel of the real
noisy utterances. However, additionally using the heuristicderived observation uncertainties when decoding does improve
recognition performance over the results of the feature enhancement alone, in all test settings.
Finally, the feature enhancement front-end combined with
acoustic models trained on the enhanced features of the multicondition training set produces the overall best recognition
results for all experimental conditions involving real noisy
utterances. In the case of artificial noisy data, the situation
is similar with the exception of the noisiest data sets with
an SNR of 5 dB, where the combination of the baseline
multicondition-trained model, the source separation front-end,
and the heuristic observation uncertainties outperforms the
models trained on enhanced features.
Use of the heuristic observation uncertainties during decoding does not improve the ASR performance of the model
trained with enhanced features using the multicondition training set. The most likely explanation is that this is due to a
conflict with the assumptions of the observation uncertainty
approach. When observation uncertainties are used in the
decoding, the acoustic model probability densities are assumed
to model the unseen clean speech, and feature uncertainty
is added to compensate the model variances [15]. If the
model has been trained with enhanced features, the acoustic
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model parameters already take into account the distortion
introduced by the feature enhancement front-end. This leads
to an overestimation of the noise variance, as the sum of
the contributions from the observation uncertainties during
decoding, and the setting of the acoustic model parameters
when training with noisy data [8].
For proper handling of observation uncertainties in the
case of training on noisy data, the acoustic model estimation
process would need to be modified to consider the variances of
the training features. This approach has been recently used in
the uncertainty training framework presented in [8]. Making
use of the proposed heuristic variances also during the model
training process is a potential direction for future work.
The proposed channel normalization has a clear beneficial
effect on recognition accuracy of noisy speech. The effect
is especially notable in the case of recording channel 3 of
the noisy car data set. The car environment has a large lowfrequency noise component for which the three microphones
used have very different frequency responses, leading to a
larger degree of potential mismatch between the observations
and the dictionary elements.
B. Comparing and Combining Heuristics
In earlier work with the sparse separation front-end using
artificial factory noise mixtures [10], the overall best performing heuristic was the one denoted by H1 in this work. By
contrast, in sparse imputation experiments using artificially
added babble noise [2] heuristics based on the activation
vectors, such as H4 and H5, have been the best performing.
In this work, the best performance when considered over all
the evaluation data sets is achieved by heuristics H4 and
H5, suggesting that the difference between suitability of the
heuristics depends more on the type of the noise involved than
in the feature enhancement method. The strong performance
of the H1 heuristic for some of the real-world test conditions
(“Public, mic 1” and “Public, mic 2”) over the otherwise
generally better H4 and H5 is further suggestive of this. A
similar effect of H1 performing relatively well compared to
the other heuristics is also seen for the public place artificial
noisy data at the higher SNRs.
Overall, the heuristics make highly similar errors, as evidenced by generally high correlation coefficients in the analysis of the correlations between errors in Section V-B. The
three heuristics directly based on the exemplar activations
(H4, H5 and H6) in particular produce very similar errors
in the acoustic model domain estimates, especially in the case
of car noise. The correlations between the actual estimated
variances show a similar structure, though less strongly, as
the correlations between the errors. In both, heuristics H1 and
H3, as well as the group of H4, H5 and H6 are each seen
relatively similar.
The simple combination of all six uncertainty heuristics by
concatenation was investigated using a small-scale recognition
experiment. The combined heuristic did not, however, achieve
any performance improvement over the best-performing single
heuristics, as was also the case in previous work [10]. As mentioned, the errors made by the individual heuristics correlate
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strongly, which suggests that combining them does not yield
much new information.
Similarly, no difference in recognition performance was observed between the heuristics H1–H3 and their corresponding
versions averaged across frequency bands. While averaging
the values discards information on the relative uncertainty of
different frequency bands, the effect is likely diminished by
the MFCC processing of the acoustic model features, as the
individual feature vector components do not depend on single
frequency bands.
Individual GMMs for each heuristic estimate were trained
for the mapping from heuristic values to acoustic model
domain variance estimates. For all the heuristics, however, the
training set and the target oracle variances were the same. This
identical postprocessing is a potential cause for the similarity
of the heuristics.
As heuristic H6 is based on the ratio of the sums of the
activation weights for the noise and clean speech dictionaries,
it acts as a type of an SNR estimate. Its value is, however,
also affected by how well the dictionary examples match the
observed signal. A large mismatch in the noise dictionary
would result in lower noise activations, causing a bias for
overestimating the SNR. The use of a conventional SNR
estimator as an uncertainty heuristic is a potential topic for
future work.
C. Uncertainty Propagation
In the GMM based transformation of heuristic values into
acoustic model domain variance estimates, described in Section III-C, all variance components of the final observation
considered by the acoustic models are estimated from a
single observation frame. However, the acoustic model feature
extraction involves the computation of first and second-order
time derivatives (delta features) across multiple consecutive
frames. If the distributions of the static MFCC features of
each frame are assumed to be independent and Gaussian,
the final acoustic model domain features also have Gaussian
distributions, and can be easily computed, as the involved
operations are all linear.
Preliminary experiments within the context of a system
described in [16], using the sparse imputation approach on the
CHiME [20] artificial noisy corpus, yielded results suggesting
that using the GMM transformation to obtain variance estimates for static MFCC features and deriving the final observation variances from these estimates may improve recognition
performance. Early experiments in using this scheme with
the SPEECON real noise data, however, have failed to yield
consistent improvements.
Deriving the acoustic model domain variances from heuristic variance estimates of the static MFCC features can be seen
as a variant of model-based uncertainty propagation, which
has also been applied directly from time-frequency domain
to MFCC features [8], [11]. The scheme could therefore be
expanded by applying uncertainty propagation to heuristicbased uncertainty estimates in the mel-spectral domain.
In addition, the non-negative matrix factorization (NMF)
algorithm used by the feature enhancement system can be
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TABLE VIII
B ETTER S YSTEM ACCORDING TO S TATISTICAL S IGNIFICANCE T EST OF
U NCERTAINTY H EURISTICS IN A RTIFICIAL N OISE

BL
SS
H1
H2
H3
H4
H5
H6

SS

H1

H2

H3

H4

H5

H6

OR

SS

H1
–

H2
H2
H2

H3
–
–
H2

H4
H4
H4
–
H4

H5
H5
H5
H5
H5
–

H6
–
–
H2
–
H4
H5

OR
OR
OR
OR
OR
OR
OR
OR

TABLE IX
B ETTER S YSTEM ACCORDING TO S TATISTICAL S IGNIFICANCE T EST OF
U NCERTAINTY H EURISTICS IN R EAL N OISE

BL
SS
H1
H2
H3
H4
H5

SS

H1

H2

H3

H4

H5

H6

SS

H1
H1

H2
H2
–

H3
H3
H1
H2

H4
H4
H4
H4
H4

H5
H5
H5
H5
H5
–

H6
H6
–
H2
–
H4
H5

TABLE X
S UMMARY OF PAIRWISE S TATISTICAL S IGNIFICANCE T ESTS OF
R ECOGNITION S YSTEMS IN A RTIFICIAL N OISE

formulated in a Bayesian probabilistic framework [21], potentially allowing an alternative method of deriving the posterior
distributions, and hence observation uncertainties, of the enhanced features. Combining the proposed heuristic estimates
or Bayesian NMF variances with different levels of propagation of uncertainty information will be investigated in future
work.
VII. C ONCLUSIONS
In this study, we present a combination of a source separation feature enhancement front-end with heuristic measures
of the reliability of the feature enhancement. The proposed
system was evaluated under both artificial and real-world noisy
conditions, and with acoustic models trained on clean speech
data, multicondition noisy data as well as multicondition data
processed using the feature enhancement algorithm.
Use of the heuristic observation uncertainty estimates generally improves the recognition performance of noisy speech,
when the acoustic models have been trained on unenhanced
data. The differences between the individual proposed heuristics are relatively minor.
Best overall results are obtained with a multicondition
training set that has been processed using the same feature
enhancement algorithm. Taking advantage of the heuristic
observation uncertainties also in the acoustic model training
is a possible avenue for future work.
A PPENDIX A
S TATISTICAL S IGNIFICANCE A NALYSIS
Statistical significance of the recognition letter error rate
differences between each system pair was analyzed using the
Wilcoxon signed-rank test, with a confidence level of 95%.
Tables VIII and IX contain the results of all pairwise tests
pertaining to the uncertainty heuristic performance evaluations
presented in Tables IV and V, for the artificial and real
noise scenarios, respectively. For each pair, the better system
is indicated, if the difference between systems was found
statistically significant. The analysis was performed over the
combined data sets of both noise types and all SNR levels
or recording channels. The baseline result is denoted by the
abbreviation “BL”, and the oracle heuristic by “OR”.
Summaries of the pairwise tests performed on the final
recognition results on artificial and real noise, presented in
Table VI and Table VII, are listed in Table X and Table XI,

SNR:

15

Car
10

5

15

Public
10
5

CL-NO / CL-SS
CL-NO / CL-UC
CL-SS / CL-UC

+
+
+

+
+
+

+
+
+

+
+
+

+
+
+

+
+
–

MC-NO / MC-SS
MC-NO / MC-UC
MC-SS / MC-UC

+
+
+

+
+
+

+
+
+

+
+
+

–
–
+

+
+
+

FE-SS / FE-UC

+

+

+

–

–

+

CL-NO / FE-SS
CL-UC / FE-SS
MC-UC / FE-SS

+
+
+

+
+
+

+
+
+

+
+
+

+
+
+

+
+
–

respectively. The analysis has been performed separately for
each data set, and a statistically significant difference between
systems is indicated with a “+” sign.
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