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Abstract 

Recently, histogram equalization (HEQ) of speech features has 
received considerable attention in the area of robust speech 
recognition because of its relative simplicity and good 
empirical performance. In this paper, we present a novel 
extension to the conventional HEQ approach in two significant 
aspects. First, polynomial regression of various orders is 
employed to efficiently perform feature normalization building 
up the notion of HEQ. Second, not only the contextual 
distributional statistics but also the dynamics of feature values 
are taken as the input to the presented regression functions for 
better normalization performance. By doing so, we can to 
some extent relax the dimension-independence and bag-of-
frames assumptions made by the conventional HEQ approach. 
All experiments were carried out on the Aurora-2 database and 
task and further verified on the Aurora-4 database and task. 
The corresponding results demonstrate that our proposed 
methods can achieve considerable word error rate reductions 
over the baseline systems and offer additional performance 
gains for the AFE-processed features. 

Index Terms: speech recognition, noise robustness, histogram 
equalization, spatial-temporal, contextual information 

1. Introduction 

Varying environmental effects, such as ambient noise, noises 
caused by recording devices and transmission channels, etc., 
often give rise to a severe mismatch between the acoustic 
conditions for training and test. Such a mismatch will no doubt 
cause severe degradation in the performance of an automatic 
speech recognition (ASR) system. To cope with this issue, a 
large body of work has been presented for improving noise-
robustness of ASR systems over the years. Broadly speaking, 
there are two families of techniques developed for robust ASR 
[1, 2]: 1) model-based adaptation techniques, which transform 
acoustic models from the training (clean) space to the test 
(noisy) space; 2) robust speech feature extraction, which seeks 
for noise resistant and robust features. 

Among the most common schools of thought for robust 
speech feature extraction, feature normalization is believed to 
be a simpler and more effective way to compensate for the 
mismatch caused by noises. This is because it normally does 
not require a priori knowledge about the actual distortions 
caused by the various kinds of noises or assume that there 
exists a fixed (or known) relationship between the clean 
speech and the corresponding noisy counterpart. Several 
attractive techniques of this subcategory have been 
successfully developed and integrated into state-of-the-art 
ASR systems. As an example, the cepstral mean normalization 

(CMN) [3] is a simple and efficient technique for removing 
the time-invariant distortion introduced by the transmission 
channel; while a natural extension of CMN, named the 
cepstral mean and variance normalization (CMVN) [4], 
attempts to normalize not only the means of speech features 
but also their variances. Although these two techniques have 
already shown their capabilities in compensating for channel 
distortions and some side effects resulting from additive noises, 
their linear properties still make them inadequate for tackling 
the nonlinear distortions caused by various noisy environments. 
In order to compensate for non-linear environmental effects, 
the histogram equalization (HEQ) approach has been proposed 
and extensively studied in recent years, showing superiority 
over the linear compensation techniques, such as CMN and 
CMVN [5, 6, 7, 8]. A nice feature of the HEQ approach is that 
it attempts not only to match speech feature means or/and 
variances, but also to completely match the feature 
distributions of the training and test data using transformation 
functions that are estimated based on the cumulative density 
functions (CDFs) of the training and test data. However, most 
of the methods stemming from HEQ are merely performed in 
a dimension-wise manner and without allowing for the 
contextual relationships between consecutive speech frames. 

In this paper, we present a novel extension to the 
conventional HEQ approach in two significant aspects. First, 
polynomial regression of various orders is employed to 
efficiently perform feature normalization building up the 
notion of HEQ. Second, not only the contextual distributional 
statistics but also the dynamics of feature values are taken as 
the input to the presented regression functions for better 
normalization performance. By doing so, we can to some 
extent relax the dimension-independence and bag-of-frames 
assumptions made by the conventional HEQ approach. 

The rest of this paper is organized as follows. Section 2 
provides essential background on HEQ and briefly describes 
how it can be employed for robust ASR. Section 3 elucidates 
the concept and implementation of our proposed methods. The 
experimental settings and a series of ASR experiments 
conducted are presented in Section 4. Finally, Section 5 
concludes this paper and suggests avenues for future work. 

2. Histogram equalization (HEQ) 

Histogram equalization is a popular feature compensation 
technique that has been well studied and practiced in the field 
of image processing for normalizing the visual features of 
digital images, such as the brightness, grey-level scale, 
contrast, and so forth [9]. It has also been introduced to the 
field of speech processing for normalizing the speech features 
for robust ASR, and many good approaches have been 
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continuously proposed and reported in the literature [5, 6, 7, 8, 
10, 11]. Notably, HEQ has shown its superiority over the 
conventional linear normalization techniques, such as CMN 
and CMVN. One additional merit of HEQ is that it can be 
easily incorporated with most feature representations and other 
robustness techniques without the need of any prior 
knowledge of the actual distortions caused by different kinds 
of noises. 

Most of the HEQ-based methods have been developed 
under the assumptions that the transformed speech feature 
distributions of the noisy (or test) data should be closely 
identical to that of the reference (or training) data and each 
feature vector dimension can be normalized independently of 
each other. The speech feature vectors can be estimated either 
from the Mel-frequency filter bank outputs or from the 
cepstral coefficients [5, 6]. Under the above two assumptions, 
the aim of HEQ is to find a transformation that can convert the 
distribution of each feature vector component of the input (or 
test) speech into a predefined target distribution which 
corresponds to that of the training (or reference) speech. 
Accordingly, HEQ attempts not only to match the means and 
variances of the speech features, but also to completely match 
the speech feature distributions of training and test data. Put 
another way, HEQ normalizes all moments of the probability 
distributions of the speech features.  

In implementation, the equalization can be facilitated with 
a few commonly-used methods, such as the table-lookup-
based histogram equalization (THEQ) [5, 6] and the quantile-
based histogram equalization (QHEQ) [10], to name but a few. 
THEQ employs cumulative histograms to approximate the 
CDFs of speech utterances, while QHEQ makes use of 
piecewise transformation functions whose parameters are 
estimated online in a quantile-corrective manner. 

3. Proposed methods 

Building on these observations, we recently presented an 
efficient method exploring the use of data fitting to 
approximate the inverse of the CDFs of speech feature vector 
components for HEQ, named the polynomial-fit histogram 
equalization (PHEQ) [11]. PHEQ makes use of data fitting (or 
so-called least squared error regression) to estimate the inverse 
functions of the CDFs of the training speech. For a specific 
speech feature vector dimension d  of the clean training 
utterances at frame l , given the pair of the CDF value ldc ,  of 
the vector component ldx ,  and ldx ,  itself, the linear polynomial 
function  ldcG ,  with output ldx ,

~  can be expressed as: 
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where the coefficients mda ,  of each dimension d  can be 
estimated by minimizing the sum of squared errors expressed 
in the following equation [12]: 
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where N  is the total number of training speech feature vectors. 
During the training phase, the polynomial functions of all 
dimensions are obtained by minimizing the sum of squared 
errors expressed in (2). During the recognition phase, for each 
feature vector dimension, the feature vector components of the 
test utterance are simply sorted in ascending order of their 
values to obtain the approximate CDF values, which can then 
be taken as the inputs to the inverse (polynomial regression) 
function shown in (1) to obtain the corresponding restored 
component values. PHEQ has been shown to perform 
comparably to the existing HEQ methods and have the 
additional merits of lower storage and computation 
requirements. 

However, as with most conventional HEQ methods, 
PHEQ makes an independence assumption over speech feature 
vector components, and thereby performs equalization along 
the time trajectory of each feature component in isolation. 
Such an assumption would be invalid when the feature vector 
components of different dimensions are not completely de-
correlated. Furthermore, since speech signals are slowly time-
varying, the local contextual (or structural) relationships of 
consecutive speech frames might provide additional 
information clues for feature normalization. With this being 
acknowledged, in this paper, we extend the idea of PHEQ by 
further augmenting the input of the polynomial regression 
function shown in (1) with the surrounding spatial-temporal 
distribution characteristics of a feature vector component to be 
normalized for better normalization performance. More 
specifically, given the feature vector sequence 

Ll XXX ,,,1   
of a speech utterance, where  lDldl

T
l xxxX ,,,1 ,,,,  , the 

corresponding CDF values ldc ,  of the feature vector 
components ldx ,  of each dimension d  at each frame l  are first 
computed, resulting in an CDF vector sequence 

Ll CCC ,,,1   
of the utterance being constructed, where  lDldl

T
l cccC ,,,1 ,,,,  . 

The resulting CDF vector 
lC  of frame l  is further 

concatenated with its K  preceding and K  succeeding vectors 
to form a spliced CDF vector 

lS  of  DK 12   dimensions. 
Then, the restored value ldx ,

~  of a feature vector component 

ldx ,  of frame l  can be obtained through the following 
regression equation: 
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where the coefficients mjda ,,  of each dimension d for a given 
spliced vector 

lS  can be estimated by minimizing the sum of 
squared errors of the training data in the same vein as that 
shown in (2). In what follow, we will term (3) the extended 
PHEQ method (denoted by EPHEQ for short).  

Going one step further, we also explore to leverage extra 
structural cues derived from the temporal dynamics of the 
target and surrounding speech feature components to make our 
proposed EPHEQ normalization method more robust against 
random or abrupt distortions. To this end, a simple derivative 
operation is fist performed on each feature vector component 

ldx ,  of a given training (or test) utterance through the 
following equation: 
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where h is the step size of difference. By doing so, we can 
additionally incorporate such cues of dynamics surrounding a 
feature vector component ldx ,  to be normalized when 
performing EPHEQ: 
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where the mjda ,,  and mjdb ,,  are two sets of regression 
coefficients. The formulation shown in (5) is referred to 
hereafter as EPHEQ-D. 

4. Experiments and results 

4.1. Experimental setup 

The speech recognition experiments were conducted under 
various noise conditions using the Aurora-2 database and task 
[13], and further verified on the Aurora-4 database and task 
[14]. The Aurora-2 database is a subset of the TI-DIGITS, 
while the task consists of the recognition of the connected 
digit utterances interfered with various noise sources at 
different signal-to-noise ratios (SNRs), in which the Test Sets 
A and B are artificially contaminated with eight different types 
of real world noises (e.g., the subway noise, street noise, etc.) 
in a wide range of SNRs (-5dB, 0dB, 5dB, 10dB, 15dB, 20dB 
and Clean) and the Test Set C additionally includes the 
channel distortion. On the other hand, the Aurora-4 task is 
noise-corrupted medium to large vocabulary speech 
recognition based on the Wall Street Journal (WSJ) database, 
consisting of clean speech utterances interfered with various 
noise sources at different SNR levels ranging from 5 to 15 dB. 
In Aurora-4, speech utterances were sampled in both 8 kHz 
and 16 kHz, while only the speech utterances sampled at 8 
kHz were used for our experiments. 

More specifically, the acoustic model for each digit in the 
Aurora-2 task was a left-to-right continuous density HMM 
with 16 states, and each state has a 20-mixture diagonal GMM. 
Two additional silence models were defined. One had three 
states with a 20-mixture GMM per state for modeling the 
silence at the beginning and at the end of each utterance. The 
other one had one state with a 20-mixture GMM for modeling 
the interword short pause. As to Aurora-4 database, the 
acoustic model contains a set of state-tied intra-word triphone 
models, each have 3 states and 8 Gaussian mixtures except for 
silence model which has 16 Gaussian mixtures. A 39-
dimensional feature vector was extracted at each frame, 
including 12 Mel-Frequency Cepstral Coefficients (MFCC) 
[15] and an additional 0th cepstral term, as well as their 
corresponding delta and acceleration coefficients. The training 
and recognition tests used the HTK recognition toolkit [16], 
which followed the setup originally defined for the ETSI 
evaluations. All the experimental results reported below are 
based on clean-condition training, i.e., the acoustic models 

were trained only with the clean (uncontaminated) training 
utterances. 

4.2. Experimental results 

In the first set of experiments, we evaluate the utility of 
EPHEQ and EPHEQ-D for ASR robustness on the Aurora-2 
task. The corresponding results are shown in Table 1, where 
the results of the baseline MFCC system, CMN, CMVN, 
THEQ and PHEQ are listed for comparison. It is worth 
mentioning that in order to verify the generalization 
capabilities of EPHEQ and EPHEQ-D, the window size for 
constructing the spliced CDF and dynamics vectors, as well as 
the order of polynomial regression for performing feature 
normalization, is determined based on a held-out set of 
utterances compiled from the Aurora-5 database [17]. For 
THEQ and PHEQ, their parameters are set optimally directly 
based on the test set of Aurora-2. Inspection of Table 1 reveals 
two noteworthy points. First, THEQ and PHEQ tend to 
perform on par with each other, and they deliver substantial 
improvements over CMN and CMVN. Note also that PHEQ is 
more attractive than THEQ since it has the additional merit of 
lower storage and computation costs [11]. Second, EPHEQ 
and EPHEQ-D which consider the contextual distributional 
statistics for feature normalization can further boost the 
performance of PHEQ. By virtue of the additional use of 
contextual dynamics of speech features during the 
normalization process, EPHEQ-D provides superior 
robustness over EPHEQ. 

Recently, we had made two initial attempts to incorporate 
spatial-temporal cues of a given feature component for feature 
normalization. One of them can be viewed as a degenerate 
(simplified) version of EPHEQ (denoted by STDC) [18] where 
the polynomial order M  used in (3) is set to 1. The other one 
(denoted by STHEQ) [19] first leverages differencing and 
averaging operations along the spatial and temporal 
trajectories of HEQ-processed feature components 
respectively to obtain four sets of high-pass and low-pass 
feature vector sequences. Then, it performs HEQ again on 
these vector sequences in a dimension-wise and bag-of-frames 
manner, and subsequently combines these feature vector 
sequences to form the final normalized speech features. Since 
STHEQ needs multi-pass normalization and combination, it is 
a bit time-consuming. The results of STDC and STHEQ are 
also shown in Table 1. As can be seen, STDC cannot compete 
with STHEQ, EPHEQ and EPHEQ-D, while STHEQ obtains 
slightly better results than EPHEQ but is apparently inferior to 
EPHEQ-D. 

Going a step further, we compare EPHEQ and EPHEQ-D 
with the ETSI advanced front-end (referred to as AFE) [20]. 
AFE is believed to be one of the most elaborated and effective 
robustness methods, which leads to an average accuracy rate 
of 87.77% on the Aurora-2 test sets, as shown in Table 2. We 
can see that EPHEQ and EPHEQ-D do not give competitive 
performance relative to AFE. The main reason is that, given a 
test utterance, EPHEQ and EPHEQ-D solely operate on the 
MFCC feature vector sequence without explicitly using any 
online noise estimation or reduction process. More precisely, 
EPHEQ and EPHEQ-D perform feature normalization simply 
based on the MFCC feature vector sequence and the 
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corresponding contextual statistics and/or dynamics cues in a 
data-driven manner. In spite of the fact that EPHEQ and 
EPHEQ-D does not perform better than AFE, due to the nature 
of simplicity, EPHEQ and EPHEQ-D still lend themselves to 
dealing with noise interference, alone or combined with AFE 
(or other more complicated robustness methods). 
Consequently, we also attempt to conduct EPHEQ or EPHEQ-
D on the output of AFE, in order to see if either EPHEQ or 
EPHEQ-D can still offer additional normalization capabilities 
for the AFE-processed features. The corresponding results 

(AFE + EPHEQ and AFE + EPHEQ-D) are shown in the last 
two rows of Table 2. As compared with the results obtained by 
using AFE alone, these two combinations achieves a relative 
word error rate (WER) reduction of about 6% and 7%, 
respectively. 

In the final set of experiments, we further evaluate the 
performance levels of EPHEQ and EPHEQ-D on the Aurora-4 
task. The corresponding results are shown in Table 3, where 
the results of a few robustness methods, and the combinations 
of EPHEQ or EPHEQ-D with AFE are listed for reference. It 
is clear from Table 3 that EPHEQ and EPHEQ-D again deliver 
superior robustness performance over MVN, CMVN, THEQ, 
PHEQ and STDC on the Aurora-4 task, and the addition of 
EPHEQ or EPHEQ-D provides further improvements for the 
AFE-processed features. 

5. Conclusions 

In this paper, we have presented a novel feature normalization 
framework stemming from HEQ. We do not intend to claim 
that the various methods instantiated from our normalization 
framework can really outperform the existing methods by a 
big margin. Instead, we have elaborated on how the notion of 
leveraging contextual statistics and/or dynamics cues 
surrounding speech feature components for feature 
normalization can be crystallized, which are deemed 
complementary to those discovered by state-of-the-art robust 
methods, such as AFE. In future work, we plan to explore 
more extra information cues for speech feature normalization. 
We are also interested in investigating more accurate methods 
for CDF estimation and different criteria for deriving the 
polynomial regression (transformation) functions. 
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