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Abstract
An implementation of a performance monitoring approach to
feature channel integration in robust automatic speech recog-
nition is presented. Motivated by psychophysical evidence in
human speech perception, the approach combines multiple fea-
ture channels using a closed loop criterion relating to the over-
all performance of the system. The multiple feature chan-
nels correspond to an ensemble of reconstructed spectrograms
generated by applying multiresolution discrete wavelet trans-
form analysis-synthesis filter-banks to corrupted speech spec-
trograms. The spectrograms associated with these feature chan-
nels differ in the degree to which information has been sup-
pressed in multiple scales and frequency bands. The perfor-
mance of this approach is evaluated in both the Aurora 2 and
the Aurora 3 speech in noise task domains.
Index Terms: spectrographic mask, wavelet-based de-noising,
spectrogram reconstruction

1. Introduction
There are many examples of very low signal-to-noise ratio en-
vironments and communications channels that render automatic
speech recognition (ASR) systems nearly inoperable when ap-
plied to speech utterances taken from these domains. The fam-
ily of imputation based missing feature (MF) techniques at-
tempts to reduce the impact of these environments by character-
izing the interaction between speech and acoustic background
spectral components. This information is then used to recon-
struct the underlying uncorrupted spectral information in the
speech utterance. The information concerning this interaction
is acquired from separately estimated spectro-temporal masks
which provide either discrete thresholds or continuous prob-
abilities to indicate the presence of speech in time-frequency
spectral bins.

The interest in this work is to generalize these techniques
to generate multiple parallel reconstructed speech spectrograms
where each spectrogram corresponds to one of an ensemble of
thresholding schemes. The parallel channels associated with
these speech spectrograms are combined to generate ASR fea-
tures using a closed-loop “performance monitoring” approach
to combining multiple channels. This general class of ap-
proaches, as originally proposed in [1], is motivated by psy-
chophysical evidence in human perception [2]. The evidence
supporting this performance monitoring approach in human
perception suggests that listeners may be able to suppress infor-
mation from unreliable perceptual channels and select reliable
channels based on their assessment of whether a message has
been reliably received [2].

The reconstructed spectrograms which form the parallel

channels in this performance monitoring approach are obtained
using a multi-resolution discrete wavelet transformation (DWT)
approach to spectrogram reconstruction [3]. This is a miss-
ing feature based approach that was motivated by theory aris-
ing from wavelet-based de-noising [4]. Noise corrupted spec-
trograms from a speech utterance are presented to a pyramidal
wavelet-based analysis-synthesis filter-bank. Thresholds are de-
rived from a spectrographic mask to suppress noise corrupted
wavelet coefficients at multiple scales and frequency bands in
the analysis filter-bank. In this sense, the re-synthesized spec-
trogram components produced by the synthesis filter-bank have
been “de-noised” according to a given thresholding strategy. A
brief description of the approach is provided in Section 2.

The premise of the work described in this paper is that
an ensemble of thresholding strategies can be posed for sup-
pressing wavelet coefficients, each providing different detec-
tion characteristics at different filter-bank scales and frequency
bands. This ensemble of thresholding strategies results in an
ensemble of reconstructed spectrograms, each differing in the
degree to which information has been suppressed in scale and
frequency. It is this ensemble of spectrograms that form the
parallel processing channels in the performance monitoring ap-
proach described in Figure 1 and presented in Section 3.

Figure 1: Block diagram of the performance monitoring ap-
proach to channel fusion.

The overall approach presented here consists of three major
steps and is summarized in the block diagram shown in Fig-
ure 1. The first step is the extraction of parallel feature chan-
nels, SSS = {S1, . . . , SM}, from the corrupted speech. These
channels correspond to the reconstructed spectrograms asso-
ciated with the threshold strategies ΩΩΩ = {Ω1, . . . ,ΩM} de-
scribed above. The second step in the performance monitoring
approach is to combine these channels according to a channel
fusion function, fα(SSS), where α represents the parameters as-
sociated with the channel fusion. For each possible setting of
α, a symbol sequence RCα = ~rα1 , . . . , ~r

α
N is generated for the
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N frame corrupted speech utterance. Following the procedure
suggested in [1], each ~rαn is a vector of phone posteriors gen-
erated by a neural network trained to predict sub-word symbols
from input channels.

Finally, the last step is to derive sample statistics CCα from
corrupted speech observation sequence. The goal is to deter-
mine the degree to which these sample statistics deviate from
sample statistics, CU , derived from similar sequences previ-
ously observed under uncorrupted conditions. The optimum
fusion strategy is determined by the fusion parameters, α̂ =
argmaxα{Φ(fα, C

U , CCα )}.

2. Wavelet-based Spectrogram
Reconstruction

A multi-resolution DWT approach to spectrogram reconstruc-
tion for robust ASR was originally presented in [3]. Section 2.1
briefly introduces this approach as a means for masking wavelet
coefficients by exploiting speech presence probability (SPP)
estimates obtained from spectrographic masks. Section 2.2
describes how the wavelet-domain mask is used for selective
wavelet reconstruction.

2.1. Generating wavelet-domain masks

The spectrogram reconstruction approach in [3] is motivated by
the theoretical arguments for wavelet based signal de-noising
originally presented by Donoho in [4]. These methods have
been shown to achieve near optimal estimates of the original
signal from noisy observations when wavelet coefficients are
thresholded using an “oracle” thresholding scheme [4]. This
thresholding scheme identifies and preserves wavelet coeffi-
cients representing the original signal and suppresses coeffi-
cients generated from additive corrupting noise. In a missing
data framework, this process can be rephrased as identifying the
“reliable” and “unreliable” wavelet coefficients of the noise cor-
rupted speech frame and performing the wavelet-based mask-
ing, accordingly.

In DWT-based spectrogram reconstruction, the noisy
speech spectrogram is presented to the DWT filter-bank and
thresholds are estimated for wavelet coefficients at all filter-
bank scales [3]. At each analysis frame, a D-dimensional vector
of log energy coefficients, yyy = [y1, . . . , yD], is extracted from
noise corrupted speech. A speech presence probability (SPP)
vector θθθ = [θ1, . . . , θD] is estimated from a spectrographic
mask. Each θd represents the probability that underlying speech
spectral energy has not been masked by noise. The next step is
to obtain the mask values at each filter-bank scale from θθθ by
propagating θθθ through the DWT filter bank [3]. The mask prop-
agation begins at the first wavelet scale where the mask vector,
ΘΘΘ1 = [Θ1,1, ...,Θ1,K1 ], for the first scale is thresholded and
applied to the wavelet coefficients [Y1,1, ..., Y1,K1 ] in whichK1

is the number of wavelet coefficients at the first scale. A similar
approach is taken to create a wavelet-domain mask vector at the
first scale for approximation coefficients of yyy, [A1,1, ..., A1,K1 ],
resulting in mask components ∆∆∆1 = [∆1,1, . . . ,∆1,K1 ] for the
approximation coefficients. This process can be repeated so that
the mask vectors at the jth scale, ΘΘΘj and ∆∆∆j , are propagated to
the mask vectors at the j+ 1st scale, ΘΘΘj+1 and ∆∆∆j+1, up to the
J th scale in the DWT filter-bank.

2.2. Selective wavelet reconstruction

The last step in the wavelet de-noising process is to generate
a binary mask to be applied to wavelet coefficients, YYY j =
[Yj,1, ..., Yj,Kj ], at each of j = 1, . . . , J scales. The binary
mask, Θ̂j,k, for wavelet coefficient, Yj,k, is obtained from the
continuous mask value, Θj,k by applying a threshold Λj :

Θ̂j,k =

{
1 Θj,k ≥ Λj ;

0 Θj,k < Λj .
(1)

A similar approach is performed to map the continuous-valued
elements of ∆∆∆j to binary-valued components of ∆̂j∆̂j∆̂j using the
threshold values Γ1, . . . ,ΓJ . Hence, a set of 2J threshold val-
ues Ω = {Λ1, . . . ,ΛJ ,Γ1, . . . ,ΓJ} are needed to specify the
de-noising strategy. Having determined the binary wavelet do-
main masks at each of J scales, they are used to mask the
wavelet coefficients:

Ŷ hardj,k =

{
Yj,k Θ̂j,k = 1;

0 otherwise.
(2)

Since the approximation coefficients are the outputs of the
low-pass filters in the DWT pyramidal filter-bank, corrupting
noise has the effect of introducing slowly varying components
into these coefficients. To deal with this type of corruption,
“unreliable” approximation coefficients are smoothed with the
adjacent “reliable” coefficients. Having masked the wavelet co-
efficients and the performed smoothing on the approximation
coefficients, the inverse discrete wavelet transform is applied to
reconstruct the log mel-spectral features, ŷyy.

3. Channel Fusion
This section describes the “channel fusion” portion of the per-
formance monitoring system depicted in Figure 1. The opti-
mum combination of feature channels is obtained by generat-
ing observation sequences from the combined feature channels
and evaluating the similarity of these sequences with respect
to sequences generated under uncorrupted conditions. The fea-
ture channels, SSS = {S1, . . . , SM}, correspond to M possible
detection threshold settings ΩΩΩ = {Ω1, . . . ,ΩM} for selective
wavelet reconstruction as described in Section 2.2.

The observation vectors in Figure 1 correspond to poste-
rior probabilities of observing sub-word units pl, l = 1, . . . , L
given the fusion of the input channels, fα(SSS). Hence, com-
ponent l of the observation vector ~rn for frame n in an N
frame utterance is given as rαn [l] = P (pl|fα(SSS)). For the spe-
cial case where α corresponds to a binary selection of input
channels, this component of the observation vector is written as
rαm
n [l] = P (pl|Sαm [n]) where Sαm [n] is the vector of recon-

structed spectrogram components for the nth frame of the mth
channel.

A single layer multilayer perceptron is trained from clean
speech utterances to generate these vectors of posterior proba-
bilities. A set of L = 12 sub-word units are defined by clus-
tering the states of the hidden Markov models (HMM) repre-
senting the eleven words in the Aurora digit recognition task
described in Section 4. The output activations of the neural net-
work at frame n are estimates of the posterior probabilities for
the L sub-word classes and the inputs are vectors of spectro-
gram components for that frame.

To assess the quality of feature channel Sαm for anN frame
utterance, the first step is to estimate the sequence of posterior
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probability vectors RCαm
= [~rαm

1 , . . . , ~rαm
N ]. The long-term

statistics of this sequence are described by the auto-correlation
matrix

CCαm
=

N∑
n=1

~rαm
n (~rαm

n )T . (3)

The accumulation of theN×N matrix,CCαm
, can be interpreted

as an unsupervised means for characterizing inter-symbol con-
fusions between decoded sub-word symbol sequences. The
magnitude of the diagonal elements of CCαm

is proportional to
the level of confidence for the NN in individual sub-word units
and the magnitude of the off-diagonal elements is proportional
to the uncertainty associated with pairs of sub-word units. It
should be expected then that this matrix should be more diag-
onally dominant when the RCαm

are obtained from uncorrupted
utterances.

An autocorrelation matrix, CU , is computed from approxi-
mately 150,000 frames of the uncorrupted training speech data
to serve as a reference in the closed loop system. A similarity
measure is defined for measuring the degree to which CCαm

de-
viates from the uncorrupted speech autocorrelation matrix, CU .
For corrupted utterances, the feature channels generating obser-
vations whereCCαm

is more similar to the reference matrix,CU ,
are potentially the channels with the least deviation from uncor-
rupted conditions. The similarity measure used for evaluating
this deviation is given by

Φm =
∑
i

∑
j

[CCαm
]i,j [C

U ]i,j , (4)

which provides a point-wise 2-dimensional correlation mea-
sure. Feature channels with higher values of Φm correspond
to reconstructed spectrograms that are more similar to those ex-
tracted from uncorrupted training features.

The similarity measures Φ1, . . . ,ΦM are fed back to the
fusion block to determine the fusion parameters, α. For the ex-
periments described in Section 4, the channels with the highest
Φ values are either selected as a single best channel or combined
in a weighted sum of channels with weights proportional to their
Φ values. In our implementations, we select the channel with
the maximum Φ value, Φmax if there is a significant difference
between Φmax and the next highest Φ. Otherwise, the optimum
reconstructed spectrogram is computed from the weighted sum
of the three channels with the highest Φ values. While this is
one of many possible approaches to channel fusion, ongoing re-
search is being directed towards developing more powerful and
efficient channel fusion strategies.

4. Experimental Study
This section describes the experimental study conducted to eval-
uate the performance of the performance monitoring approach
presented in Sections 2 and 3 for both the Aurora 2 and the Au-
rora 3 noisy speech task domains. The study will compare the
performance of this multi-channel closed loop approach with
an implementation of a missing feature based minimum mean
squared error (MMSE) approach for spectrogram reconstruc-
tion [5, 6].

4.1. Task domain and implementation

All approaches were evaluated on the Aurora 2 (test set “a”) and
Aurora 3 (Spanish dataset) speech in noise connected digit task
domain. The Spanish Aurora 3 corpus was collected in a car en-
vironment under multiple driving conditions using both close-

talking and far-field microphones. Three scenarios were used
for training and testing where each scenario differs in the de-
gree of mismatch between training and testing conditions. The
highest of the three mismatch conditions were used in the ex-
periments described in Section 4.2. ASR feature analysis was
performed by extracting mel log spectral features using a 25 ms
Hamming window, updated every 10 ms. A 512-point FFT was
applied to evaluate the spectral values, and a mel-scale filter-
bank with D=23 filters was used to generate the log mel-spectral
features over a 4000 Hz bandwidth. Whole word digit mod-
els were trained using the Aurora 2 and Aurora 3 clean speech
training sets.

The DWT based analysis-synthesis filter-bank discussed in
Section 2 is implemented using a symlet 4 wavelet basis which
has previously been used in a speech de-noising application [7].
A J = 4 level filter-bank structure was found to provide suffi-
cient resolution when evaluating the filter-bank for the single-
channel spectrogram reconstruction techniques presented in [3]
and is also used for the multi-channel systems in this work.

A long term goal of this work is to develop a formalism
for determining a set of feature channels that are sufficient for
preserving underlying speech information in the presence of in-
terfering distortions. However, in this work, an ad-hoc strategy
is used for specifying a set of M = 8 channels of reconstructed
spectrograms where the mth channel is specified by the thresh-
old values, Ωm = {Λm1 , . . . ,Λm4 ,Γm1 , . . . ,Γm4 }, described in
Section 2. Hence, the 8 values for each of 8 sets of Ωm thresh-
olds must be determined to specify the de-noising strategies for
the set of 8 channels. Each threshold value can take on either
a “high” or “low” level where the actual levels are determined
from development utterances by observing the approximate dis-
tributions of the wavelet coefficient masks, Θj,k, and the ap-
proximation coefficient masks, ∆j,k. For a given channel that
performs the DWT based analysis-synthesis at scale j, 1 ≤ j ≤
4, all the threshold values {Λm1 , . . . ,Λmj ,Γm1 , . . . ,Γmj } are ei-
ther “high” or “low” and the remaining threshold values which
correspond to higher scales, {Λmj+1, . . . ,Λ

m
4 ,Γ

m
j+1, . . . ,Γ

m
4 },

are set to zero. This strategy limits the number of channels.

4.2. ASR performance

Table 1 displays the ASR word accuracy (WAC) for all systems
evaluated on the Aurora 2 corpus for four different noise types
and four SNRs ranging from 5dB to 20dB. Four separate tables
are displayed, one for each noise type (subway, speech babble,
car environment, and exhibition hall) where each of these tables
contains ASR WACS for four different systems. For each of
these tables, the first row displays the baseline ASR WAC ob-
tained when no feature compensation is performed. The second
row, labeled “MMSE”, corresponds to an implementation of a
well-known missing feature based minimum mean squared er-
ror approach to spectrogram reconstruction [5, 6]. A discussion
of this implementation is presented in [6]. The third row in these
tables, labeled “single channel”, corresponds to ASR WAC us-
ing a single channel implementation of wavelet-based spectro-
gram reconstruction described in Section 2 and originally pre-
sented in [3]. For this system, the detection thresholds, ΩΩΩ, were
set using the Aurora 2 utterances from the speech babble noise
condition at an SNR level 5 dB. The same ΩΩΩ values are used in
the DWT filter bank of the single channel systems for all noise
types. No results are displayed for the babble noise condition
of the single channel system since that same data was used to
determine the ΩΩΩ values. Finally, the last row of the noise type
specific tables in Table 1, labeled “multi-channel”, corresponds
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to the wavelet-based multi-channel fusion technique, described
in Section 3.

There are several observations that can be made from Table
1. First, it is clear that all techniques provide significant WAC
improvements with respect to the baseline for all conditions at
low SNRs but less consistent improvements at high SNRs. Sec-
ond, Table 1 shows that the single channel system for spectro-
gram reconstruction out-performs the MMSE system for all but
the subway noise conditions. This poorer relative performance
for the single channel system compared to the subway noise
condition arises from both the mismatch in ΩΩΩ settings for the
single channel system as well as the fact that the MMSE sys-
tem is particularly well suited to this class of stationary noise
types. Finally, the last observation taken for Table 1 is that the
wavelet-based multi-channel fusion approach consistently pro-
vides the highest WAC of all three approaches. The WAC for
the multi-channel system represents an improvement over base-
line performance for all but one high SNR condition.

Table 2 displays ASR WACs for the high-mismatch con-
dition on the Spanish subset of the Aurora 3 corpus. The first
column in Table 2 displays the baseline WAC, the second col-
umn displays the WAC for MMSE-based missing feature sys-
tem, and the third column of Table 2 shows the WAC obtained
for the wavelet-based multi-channel fusion system. The table
shows an increase in WAC for the multi-channel system of 45

Table 1: ASR WAC for DWT-based imputation on Aurora2, test
set a.

SNR level (dB)

Noise Type Method 5 10 15 20

n1
Baseline 55.3 79.21 92.23 96.19

subway
MMSE 66.10 83.21 92.29 95.21

single channel 64.23 79.83 91.00 95.92
multi-channel 67.47 83.21 91.77 96.53

n2
Baseline 19.44 52.24 81.98 92.39

babble
MMSE 70.22 89.51 95.31 97.61

single channel — — — —
multi-channel 73.40 89.10 95.01 97.19

n3
Baseline 34.57 64.84 87.50 96.27

car
MMSE 39.40 74.53 90.13 94.96

single channel 38.41 77.33 92.78 96.60
multi-channel 53.33 81.96 94.04 96.75

n4
Baseline 56.90 80.78 91.61 95.90

exhibition
MMSE 59.12 79.17 88.18 94.23

single channel 60.60 81.89 89.69 95.80
multi-channel 60.91 81.73 91.48 95.96

Table 2: ASR WAC for DWT-based imputation on Aurora3,
Spanish, high mismatched subset.

Method Baseline MMSE multi-channel
WAC(%) 48.72 68.54 71.01

percent relative to the baseline and a 2.5 percent absolute in-
crease in WAC with respect to a MMSE based system. This
result is particularly important since it is obtained from speech
collected in an actual noisy car environment.

5. Summary and Conclusions
An implementation of a closed-loop performance monitoring
approach to combining multiple feature channels for robust
ASR has been presented. The feature channels consist of spec-
trograms reconstructed from noise corrupted speech using mul-
tiple de-noising schemes in a multi-resolution DWT analysis-
synthesis filter-bank. The approach has resulted in an increase
in WAC of 45 percent relative to the baseline for the Aurora 3
speech in car noise ASR task. A 2.5 percent absolute increase
in WAC was obtained with respect to a MMSE based missing
feature approach to robust ASR on the same task. The effect
of providing an ensemble of channels and a performance based
criterion for channel selection appears to be an improved ro-
bustness with respect to varying noise types and SNRs. While
the work and the experimental results reported here should be
considered preliminary, it is believed that there is a great deal
of potential in this general class of approaches. Future work
will involve the investigation of more systematic approaches to
creating richer ensembles of features channels as well as more
comprehensive and efficient mechanisms for feature channel in-
tegration.
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