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Abstract 
 
In this paper, a within-class feature normalization (WCFN) 

framework operating in transformed segment-level (instead of 
frame-level) super-vector space is proposed for robust speech 
recognition. In this framework, each segment hypothesis in a 
lattice is represented by a high dimensional super-vector and 
projected to a class-dependent lower-dimensional eigen-
subspace to remove unwanted variability due to environment 
noise and speaker (different values of SNR, gender, types of 
noise and so on). The normalized super-vectors are verified by 
a bank of class detectors to further rescore the lattice. 
Experimental results on Aurora 2 multi-condition training task 
showed that the proposed WCFN approach achieved 7.45% 
average word error rate (WER). WCFN not only outperformed 
the multi-condition training baseline (Multi-Con., 13.72%) but 
also the blind ETSI advanced DSR front-end (ETSI-Adv., 
8.65%), the histogram equalization (HEQ, 8.66%) and the non-
blind reference model weighting (RMW, 7.29%) approaches.  

Index Terms—Robust speech recognition, WCFN 
 

1. Introduction 
 
Feature normalization is often more attractive than acoustic 
model adaptation or compensation for robust automatic speech 
recognition (ASR), because it usually requires less adaptation 
data and computing time. Feature normalization approaches 
can be roughly divided into two categories: blind and non-blind 
approaches. The blind ones compensate the noise effect using 
only the testing utterance itself. They include relative spectral 
amplitude (RASTA) [1], two-pass Wiener filtering [2], 
histogram equalization (HEQ) [3], etc. The non-blind ones, 
such as stereo-based piecewise linear compensation for 
environments (SPLICE) [4], code-dependent cepstral 
normalization (CDCN) [5], maximum likelihood based 
stochastic vector mapping (ML-SVM) [6] and multi-
environment model-based linear normalization (MEMLIN) [7], 
use not only the input test utterance but also a set of a priori 
noisy environments knowledge to alleviate the noise distortion. 

Basically, the non-blind approach is preferable because it 
can take the advantage of a priori noisy environment 
knowledge to assist ASR in better dealing with the distortion of 
a specific noisy environment. They usually learn the 
relationship between the clean per-frame MFCCs and the noisy 
ones and then apply maximum likelihood (ML) or minimum 
mean squared error (MMSE) to optimally restore the clean 
MFCCs. For example, ML-SVM clusters various types of 
noises under a variety of SNR conditions to build a codebook 
and trains one feature transformation function for each 
codeclass. MEMLIN splits noisy space into several basic 

environments and models each basic noisy and clean feature 
space using GMMs to compute a bias vector transformation for 
each pair of clean and noisy model Gaussians. However, most 
feature normalization approaches often only explore the 
relationship of the clean and noisy speech in frame level. The 
longer-term correlation, such as phone-, sub-word- or word-
level information, is often ignored due to the 
scaling/complexity issue. 

In this paper, an within-class feature normalization 
(WCFN) [8] approach operating in transformed segment-level 
(instead of frame-level) super-vector space is proposed to 
remove the unwanted variability due to noisy environments or 
speakers (different values of SNR, gender, types of noise and 
so on). Our assumption is that (1) unwanted variability due to 
environment noise and speaker, can be sufficiently estimated in 
a high-dimensional super-vector space using second order 
statistics (the within-class covariance matrix of the super-
vectors); and (2) this variability lies in a lower-dimensional 
subspace spanned by the eigen-vectors of the covariance 
matrix. Thus, it is possible to project the test super-vector to 
this lower dimensional subspace and remove the unwanted 
variability. 

In more detail, in the training phase, the within-class 
covariance matrices of the super-vectors are analyzed using 
principle component analysis (PCA) to construct class-
dependent eigen-subspaces. At the same time, a bank of class 
detectors is trained using the normalized super-vectors. In the 
test phase, each class hypothesis in the recognized lattice is 
verified (log-likelihood ratio (LLR) tests) by the corresponding 
class detector [9]. 

It is worthy noting that the proposed WCFN approach 
deals with normalized super-vector instead of the raw frame-
level noisy feature vectors as in other confidence measure-
based lattice rescoring approaches. Moreover, the super-vector 
could be built by concatenating not only the MFCCs but also 
other kinds of features, such as the variance vectors, state and 
class durations of the class and even state scores of competing 
recognition units [9].  

The paper is organized as follows. Section II describes the 
proposed WCFN method. Section III reports the experimental 
results evaluated on the multi-condition training task of Aurora 
2 corpus [10]. Some conclusions are drawn in the last section. 

 
2. The Proposed WCFN Approach 

 
Basically, the proposed WCFN approach is a two-stage lattice 
rescoring method operating in the transformed segment-level 
super-vector space. Fig. 1 displays a block diagram of the 
proposed WCFN framework for robust speech recognition. It is 
operating in two phases including (1) a training phase to collect 
super-vectors and analyze the within-class covariance matrices 
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by PCA to construct a bank of class-dependent Eigen-
subspaces and the corresponding class detectors, and (2) a test 
phase to project a test super-vectors from an unknown noisy 
environment/speaker into the Eigen-subspace, remove the 
unwanted variability, verify all segment hypotheses and do 
lattice rescoring. 

In the following subsections, three main parts of the 
proposed WCFN approach will be discussed in detail including 
(1) segment-level super-vector space generation, (2) eigen-
subspace  construction and environment noise/speaker 
variability removal and (3) class detector (LLR test)-based 
lattice rescoring. 
 
2.1. Segment-Level Super-Vector Space 
 
The segment-level super-vectors are established by (1) using 
conventional hidden Markov models (HMMs) to align the T -
frame long feature vector sequence { }1 2, ,..., TO o o o=  of a 

class hypothesis with its corresponding S  states and then (2) 
concatenating the mean MFCC feature vectors of the S  states 
to form a  high-dimensional super-vector, i.e.,  
 

 { }1 2, ,..., Sx o o o=  (1) 
 

It is worthy noting that in noisy environment this 
operation could (1) provide long-term information to resist the 
noise effect (especially, some segments of a class may not be 
totally covered by environment noise), and (2) act as a 
temporal filter as in RASTA [1] to partially average (smooth) 
out the variation due to environment noise. 

Moreover, the discriminative power of the super-vector 
could be further improved by concatenating several different 
kinds of features including the variance vector, V , state and 
class durations, { }, WD D , of the class, i.e., 
 

 { }1 2, ,..., , , ,S Wx o o o V D D′ =  (2) 
 
2.2. Eigen-Subspace and Variability Removal 
 
Considering the different impact of environment noise and 
speaker on different class, a class-dependent Eigen-subspace is 
separately constructed for each class in the recognizer. 

For the i -th class, its corresponding within-class 
covariance matrix iA  is estimated using a set of iM  training 

super-vectors { },1 ,2 ,, ,...,
ii i i i MX x x x′ ′ ′=  of the i -th class. The i -

th within-class covariance matrix, iA , is then decomposed by 
PCA. We assume that the constructed eigen-space, iE , could 
be divided into two subspaces – the first few dimensions relates 
to environment noise and speaker, ,i NE  (the i -th eigen-

subspace), and the others link to the i -th speech (the i -th 
class), ,i SE , subspace, i.e., 
 

 , ,[ , ]i i N i SE E E=  (3) 
 

If the super-vector x′  belongs to the i -th class, then the 
unwanted environment noise and speaker variability embedded 
in it could be removed to generate the normalized super-vector 
x̂  by projecting the super-vector x′  into the i -th speech 

subspace or, in practice, subtracting the projections to the i -th 
eigen-subspace from x′ , i.e., 

 

 ( ), , , ,ˆ t t
i S i S i N i Nx x E E x I E E′ ′= = −  (4) 

 

The normalized super-vector x̂  will be used through all 
following part of this paper,  
 

 
 

 
Fig. 1:  A block diagram of the proposed WCFN feature 
normalization framework for robust speech recognition. 
 
2.3. Detector-based Lattice Rescoring 
 

A set of class detectors (many different approaches could 
be adopted) is trained using training set of the normalized 
super-vectors x̂ (instead of the raw feature vectors O  as in 
[11]). The goal is to computing the probabilities of the i -th 
target class, ( )ˆ | ip x λ  and its corresponding non-target 

competing (competing) class, ( )ˆ | a
ip x λ . Here iλ  and a

iλ  are 

the corresponding models. 
These two probabilities are processed to compute the 

LLRs of all class hypotheses in a lattice is as follows: 
 

 ( ) ( )
( )

ˆ |
ˆ log

ˆ |

a
i

i
i

p x
LLR x

p x

λ
λ

=  (5) 

 
The scores of the conventional HMMs recognizer (log-

likelihood, ( )iLR O ) and the class detectors ( ( )ˆiLLR x ) are 
finally linearly combined in the lattice rescoring module using 
the following formula  

 

 ( ) ( ) ( )ˆ1i i iL LR O LLR xα α= ⋅ + − ⋅  (6) 
 

where α  is a combination constant. 
 

3. Experimental Results on Aurora 2 
Database 

 
The proposed WCFN method was evaluated on the multi-
condition training task of Aurora 2 corpus. In the following 
subsections, we will (1) briefly introduce Aurora 2 database, (2) 
show analysis of the Eigen-subspaces, (3) give performance of 
class detectors (in this case, digit detectors were built) and (4) 
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report lattice rescoring experimental results of the proposed 
WCFN approach. 
 
3.1. Multi-Condition Training Task 
 
Aurora 2 database was generated based on a corpus of English 
connected digit strings (subset of TIDIGIT corpus). Eight 
different types of noisy environments were used, including (1) 
subway, (2) babble, (3) car, (4) exhibition, (5) restaurant, (6) 
street, (7) airport and (8) railway, and two different 
communication channels, as representatives of real-world 
environments and channels in mobile phone application 
scenario. These eight noises were artificially added to the 
original noise-free TIDIGIT digit strings with various signal-
to-noise ratios (SNRs). Therefore, for each type of noise, a set 
of clean utterance and 6 sets of noisy utterances with SNRs 
ranging from -5~20 dB were produced. 

In the multi-condition training task of Aurora 2 corpus, 
the eight noises are divided into 4 disjoint sets, i.e., one 
training and three test sets, sets A, B and C. For the training set, 
only noise types (1)~(4) are available to build the speech 
recognizer. Test set A also includes noise types (1)~(4), but set 
B has noise types (5)~(8). On the other hand, test set C has the 
same noise types (1) and (5) but they go through different 
communication channels compared with the training set. For 
each type of noise, a set of clean utterances and 6 sets of noisy 
utterances with SNRs ranging from -5~20 dB are used for 
evaluation. It is noted that set A, B, and C represent the 
scenario of seen noisy environment, unseen noisy environment, 
and unseen communication channels, respectively. 

In all following evaluations, we simply followed the 
experimental conditions of Aurora 2 protocols by using 
Hamming window of 25 ms with a frame shift of 10 ms for 
framing. 39-dimensional MFCCs were used to train 16-state 
class HMMs with 3 mixtures in each state. Moreover, cepstral 
normalization was applied to partially remove the distortion of 
noises. 
 
3.2. Analysis of the Eigen-subspace 

 
In the Aurora 2 multi-condition training task, only the first 

4 types of noises were available for building the speech 
recognizer. For each noise type, there are 7 different SNRs 
including “clean”, -5 dB, 0 dB, 5 dB, 10 dB, 15 dB and 20 dB. 
Therefore, there are in total 28 different noisy environments. 

Fig. 2(a) and (b) show, respectively, the projections of the 
mean super-vectors of digit “one” and “two” (the others are all 
similar) from the 28 noisy environments in the first two 
dimensions of the constructed class-dependent eigen-subspaces. 
From these figures, it is very interesting to see that the first 
dimension of the constructed eigen-subspace is highly related 
to the SNR value, while the second dimension is strongly 
related to gender. 

These analysis results suggest that it is possible to 
suppress the unwanted variability (different SNR, gender, and 
so on) by ignoring/subtracting the projections of the test super-
vectors to the lower dimensional eigen-subspaces. 

 
3.2. Class Detectors 
 
In the following experiments, 9/10 of training data was used to 
train 12 (11 digits and one silence) multi-layer perceptrons 
(MLPs)-based digit detectors. The left 1/10 was separated and 
treated as the development set. All MLPs have two “softmax” 
output nodes (target and non-target) to approximate the a 

posteriori probabilities of targets and non-targets. The number 
of neurons in the hidden layer and the dimension of the eigen-
subspaces was empirical decided using the development set 
(according to eigen-value). Several settings of super-vectors 
were tested including (1) 16 mean MFCC vectors of states and 
the same MFCCs plus (2) a segment-level MFCC variance 
vector and (3) 16 state- and one segment-level duration 
features. 
 
Table 1. Performance comparison (equal error rate (EER) in %) 
of different super-vector settings on the development set of 
Aurora 2 multi-condition training  task including (1) 16 mean 
MFCC vectors of states and the same MFCCs plus (2) 
segment-level variance vector and (3) 16 state- and one 
segment-level duration features. 
 

Digit MFCCs + Var. + Dur. 
One 2.80 1.97 1.97 
Two 3.41 3.13 2.56 
Three 3.71 3.14 2.57 
Four 2.86 2.57 1.73 
Five 1.46 0.87 0.58 
Six 1.98 1.98 1.42 
Seven 1.72 1.72 1.43 
Eight 1.72 1.72 1.72 
Nine 2.90 2.32 2.03 
Zero 2.56 2.56 1.70 
Oh 3.41 3.13 2.84 
Silence 0.15 0.15 0.15 
Average 2.39 2.11 1.73 
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Fig. 2:  The distributions of mean super-vectors from various 
noisy environments in the Aurora 2 multi-condition training set 
to the first and second dimension of the constructed class-
dependent eigen-subspaces of (a) digit “one” and (b) digit 
“two”; The super-vectors belong to female and male are 
represented by solid and dot lines (four types of noises), 
respectively. 
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Table 1 shows the equal error rates (EERs) of the 

development set evaluated on different super-vector setting. 
From Table 1, it could be seen that the variance and duration 
features provide useful information to reduce the average EER 
from 2.39% to 1.73%. Comparing with other digits, “two” and 
“three” are difficult to be correctly detected and “silence” is the 
easiest one. 
 
3.3. Performance Evaluation and Comparison 
 

Performance comparison and summary of various feature 
normalized approaches including (1) multi-condition training 
baseline (2) ETSI, (3) HEQ, (4) the proposed WCFN and (5) 
RMW  [12] on the test set of Aurora 2 multi-condition training  
task are shown in Fig. 3(a) and (b). Here, the combination 
weight in Eq. (6) was empirically decided using the 
development set (1/10 of training set, no test data was used). 
The RMW method, which is in fact a model adaptation 
approach, is also listed for reference, because it utilizes the 
same set of a priori noise knowledge (multi-condition training 
set). 

It can be seen from Fig. 3(a) that the average WER of 
7.45% was achieved by the proposed WCFN method. WCFN 
not only outperformed the multi-condition training baseline 
(Multi-Con., 13.72%) but also the blind ETSI advanced DSR 
front-end (ETSI-Adv., 8.65%), the histogram equalization 
(HEQ, 8.66%) and the non-blind reference model weighting 
(RMW, 7.29%) approaches.  

Moreover, Fig 3(b) shows that WCFN approach 
consistently outperformed the multi-condition training baseline, 
ETSI-DSR and HEQ in all noisy environment conditions (SNR 
0~20 dB). In summary, Fig. 3(a) and (b) reveal the benefits of 
utilizing a priori noisy environment/speaker knowledge for 
feature normalization. 
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SNR(dB) Multi-
Con. 

ETSI-
Adv. HEQ WCFN RMW

clean   1.35   0.98    1.21    1.10    1.27
    20   2.47   1.55    1.42    1.19    1.23
    15   4.05   2.25    2.15    1.80    1.79
    10   6.38   4.17    3.76    3.34    3.10
      5 14.53   9.44    9.00    7.89    7.57
      0 41.73 25.82  26.95  23.22  22.86

(b) 
Fig. 3:  Performance comparison of several robust speech 
recognition approaches on Aurora 2 multi-condition training 
task including (1) multi-condition training baseline, (2) ETSI 
advanced DSR front-end (ETSI-Adv.), (3) histogram 
equalization (HEQ), (4) the proposed WCFN and (5) the 
reference model weighting (RWM) approaches: (a) average 
class error rate over 0~20 dB SNRs on different test sets and (b) 

average class error rate over test set A, B and C on different 
SNRs. 

 
4. Conclusions 

 
In this paper a WCFN feature normalization approach 

operating in a transformed segment-level super-vector space is 
proposed for robust speech recognition. Analyses on the 
Aurora 2 database confirmed that the unwanted variability due 
to different values of SNR, gender, types of noise and so on, 
can be sufficiently estimated using the covariance matrix of 
super-vectors and be suppressed. Moreover, the proposed 
approach outperforms multi-condition training baseline, ETSI-
DSR and HEQ and is comparable with a more complex model 
adaptation-based RWM method. It is therefore a promising 
method for robust speech recognition. 
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