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ABSTRACT
This paper addresses the problem of noise estimation in
the context of front-end speech enhancement for automatic
speech recognition. A recently proposed approach uses
harmonic analysis of degraded speech to detect regions in
the frequency spectrum where reliable noise estimates may
be sought. In this paper an analogous LPC-derived spec-
trum is used to locate low energy regions between reso-
nant peaks where noise is deemed to dominate and provide
more accurate estimates of noise. The relative ease with
which the noise estimation process is implemented in real-
time is of note. Evaluation is performed on the AURORA
2 corpus. Automatic speech recognition experiments are
reported using the proposed noise estimation approach in
a spectral subtraction framework. Results show an average
relative performance improvement over the ETSI baseline
of 26% is achieved with the proposed approach.
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1 Introduction

Reliable noise estimation remains a challenging problem in
many speech enhancement and noise compensation tasks.
The early spectral subtraction approach, proposed origi-
nally by Boll in 1979 [1] became the foundation for much
research into both noise compensation and speech enhance-
ment for automatic speech recognition (ASR) [2]. Spectral
subtraction and its many derivatives aim to decouple the
noise and speech components given the observed degraded
speech, ������� , assuming the noise, 	
����� , and speech, ������ ,
are uncorrelated and additive:

��������������������	
����� (1)

With spectral subtraction the emphasis is placed on
noise estimation and how the estimates may be best sub-
tracted from the contaminated spectrum:

���� ����������� � � ! � � " ���#�$�%���&� � !(')�*�+ ���#���%��� � � ! (2)

where
�&�� ��� � ��� � � � ! ,

� " ��� � ��� � � � ! and
�*�+ ��� � ��� � � � ! are

the estimated clean speech, degraded speech and estimated

speech
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Figure 1. Two LPC spectrums with (dashed line) and
without (solid line) car noise from the AURORA database
added at 10dB SNR. (window period = 32ms, sampling rate
= 8kHz).

noise spectra for frequency �
� at time �,� respectively. In
the early schemes the noise estimates come from noise only
periods employing speech, non-speech detection to iden-
tify these intervals. It stands to reason that incorporating
information on speech characteristics should lead to more
accurate estimation of the underlying noise signal. Proba-
bilistic models of speech and noise have been shown to be
successful as a means of speech enhancement, for example
[3, 4].

However, spectral subtraction remains a widely em-
ployed and successful basis for practical systems. Given
its success an obvious question is how to integrate knowl-
edge of both speech and noise into this proven approach.
In the original approach of Boll [1] the noise estimate is
obtained on a frame-by-frame basis immediately prior to
the speech interval. More recent adaptations of the origi-
nal approach update noise statistics both in non-speech and
speech intervals. Some examples include Stahl et al [5],
Martin [6], Arslan et al [7], Doblinger [8] and Hirsch and
Ehrlicher [9]. Of particular interest here are the histogram-
based [9] and quantile-based [5] approaches where quasi-
instantaneous noise estimates are obtained, based on the
assumption that even during speech intervals, not all fre-
quencies are permanently occupied by speech.



Very recently, Ealey et al [10] proposed a new ap-
proach of tracking non-stationary noise during speech in-
tervals based on harmonic analysis. For any given fre-
quency where speech is deemed to be present, instanta-
neous noise estimates are taken from lateral frequencies
where noise is deemed to dominate. This idea is imple-
mented by time-frequency quantile-based noise estimation
(TF-QBNE) [11] and is also the basis of the idea presented
in this paper. A spectrum derived through linear predictive
coding (LPC) is utilised to classify regions of the spectro-
gram in both time and frequency, where reliable estimates
of the underlying noise signal may be sought. This princi-
ple is illustrated in Figure 1 where the spectrums of a single
frame are illustrated with noise (dashed line) and without
noise (solid line). The utilisation of the LPC spectrum is
a direct method of introducing speech information during
voiced speech intervals. Resonant peaks are assumed to
be associated with speech and the intermediate troughs as-
sumed to be dominated by noise; these troughs provide an
indication of frequencies that can in turn provide estimates
of noise. The LPC analysis provides a smooth spectral en-
velope, without the pitch related harmonic structure evident
in the discrete Fourier transform (DFT) spectrum. In this
respect the approach is complimentary to the harmonic tun-
nelling approach [10] since in the latter case the very same
pitch harmonics avoided here by the use of LPC are actu-
ally utilised in the goal to separate noise and speech com-
ponents along the frequency axis. LPC troughs are referred
to as instantaneous and lateral: instantaneous because they
occur at the same time (within the same frame as the noise
compensation process of spectral subtraction) and lateral
because they are used not only for subtraction at their own
frequency bins, but also used to estimate the noise at the
adjacent resonant peaks, making the assumption that lateral
noise estimates are relatively flat or even linear across the
spectrum. A key feature of the approach is in its real-time
implementation.

The remainder of this paper is organised as follows.
In Section 2 noise estimation from the temporal character-
istics of the degraded speech is described. In Section 3
noise estimation based on observations of lateral frequency
noise statistics is introduced. ASR experiments are de-
scribed in Section 4. Experimental results are presented
in Section 5 and conclusions in Section 6.

2 Temporal Noise Estimation

Quantile-based noise estimation (QBNE) proposed by
Stahl et al [5] is an extension of the histogram approach
presented by Hirsch and Ehrlicher [9]. The main advantage
of the quantile-based approach is that an explicit speech,
non-speech detector is not required. Noise estimates are
continually updated during both non-speech and speech pe-
riods from frequency-dependent, temporal statistics of the
degraded speech signal. There are relatively few parame-
ters to optimise and all parameters specific to the quantile
are independent of absolute signal levels.
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Figure 2. Quantile based-noise estimation. Values at � are
assumed to provide reliable estimates of the instantaneous
noise.

For each frequency �
� over some period, � , the
power at that frequency in each frame is placed in a first-
in-first-out buffer and the buffer is numerically sorted. The
noise estimate is then taken as the middle or median value
of the buffer. The QBNE noise estimate,

� �+�� ��� � �%� � � � ! at
frequency � � and time � � is defined as:

�*�+ � �����$����� � � ! � � "����
	� ����� � � ! , assuming 	 is odd (3)

where
� " ��� � � � ! is a numerically sorted buffer of

length 	 containing values of
� " ��� � �%��� � ! where � � '� !��

� � � � � � ! . Note that when speech is absent
" ��� � ��� � �

becomes
+ ��� � ��� � � . The process is continuous and newer

instantaneous values replace the oldest in the buffer. Tak-
ing the median of the distribution as the noise estimate for
each frequency has proven to provide a reasonable estimate
of the noise and is as good as the mean estimate used in the
conventional implementation of spectral subtraction, even
when the speech intervals are hand-labelled [12]. The as-
sumption is that entries in the quantile to the right of � may
be attributed to noisy speech or high energy noise. Entries
at � are assumed to have come from speech gaps and to
provide a reliable estimate of the noise. This is illustrated
in Figure 2.

However, there remain significant differences be-
tween the noise estimate and the actual instantaneous val-
ues since the quantile is constructed over the short-term
period, � . This is illustrated in Figure 3 where the ac-
tual noise energy (solid line) and quantile-based estimate
(dashed line) are shown for the quantile at 500Hz.

3 Lateral Noise Estimation

The QBNE approach makes an estimate of the noise for
each frequency, ��� , based solely on local noise statis-
tics at the same frequency. Herein lies the reasoning be-
hind approaches such as harmonic tunnelling [10], TF-
QBNE [11] and LPC-based, temporal-lateral noise estima-
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Figure 3. An illustration of the differences between the
instantaneous noise values and quantile-based noise esti-
mate at 500Hz for car noise from the AURORA 2 database
(frame period = 32ms).

tion. The noise estimate may become more accurate by in-
jecting knowledge of the degraded speech gained through
LPC analysis and contributing instantaneous noise statis-
tics from neighbouring or lateral frequencies to the noise
estimation process.

In the harmonic tunnelling approach of Ealey et at
[10] harmonic analysis is used to determine frequencies
where reliable estimates of the underlying noise signal may
be obtained. The instantaneous values are then used in the
noise subtraction process for those frequencies and also
contribute to estimates of the noise at other frequencies
where speech energy is assumed to dominate and hence no
instantaneous measures of the noise are available.

In the mixed decision-based approach of Cho et al [4]
noise estimates are constructed from two separate sources.
First, the estimate from outside of the speech regions
termed the hard-decision based approach and second, a
measure based on a probabilistic model of the degraded
signal that is taken from both non-speech and speech pe-
riods, termed the soft-decision based approach. The two
approaches are combined to provide the noise estimate.

In the approach presented here, LPC analysis is used
to determine regions of the spectrogram that may pro-
vide instantaneous noise statistics, exactly analogous to the
harmonic tunnelling approach [10]. There are then five
sources of information available: the quantile-based es-
timate,

� �+ � �����$����� � � ! , the two lateral quantile-based esti-
mates,

� �+�� ����� ��� � � � ! and
� �+�� �����#��� � � � ! , and the lateral in-

stantaneous signal powers,
� " ����� �%� � � � ! and

� " �����#��� � � � ! .
All of these values may be combined as in Equation 4 to
obtain the noise estimate for frequency �
� at time ��� :

�*�+ ��� � ��� � � � ! � ���
� �+�� ��� � �%� � � � ! (4)

� � ! � �+ � ��� � ����� � � !
� �	�
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� ��


� " ��� � �%���&� � !
� �	�

� " ����� ��� � � � !


F

� � '� ! � � � � !� �
t

� �+ � ����� �%� � � ! �

� �+ � ��� � ��� � � � !
� �+�� �����#�%� � � � !

� " ����� ��� � � ! �

� " �����#�%� � � � !

buffer,
� " ��� � � � !

Figure 4. A conceptual diagram of LPC-based temporal-
lateral noise estimation.

where � � and � � denote the higher and lower fre-
quency troughs in the spectra either side of � � . � denotes a
simple scaling factor for each component of the noise esti-
mate. In Equation 4

�+ �
indicates original QBNE or tempo-

ral estimates while
"

indicates lateral instantaneous values
obtained from the degraded spectrum. This approach to
noise estimation is illustrated in Figure 4. Note that when
the period, � , over which the quantile is constructed is re-
duced to a single sample,

� �+ � ��� � ��� � � � ! becomes equal to� " �����$����� � � ! by Equation 3.

In [11] the quantile statistics are used to explicitly de-
termine when and where speech is present. When the ab-
sence of speech is detected, the quantile estimate is used
as the noise estimate. When the presence of speech is de-
tected, a DFT-derived spectrum is used to determine the
lateral frequencies. The noise estimate is calculated from
quantile estimates at the instantaneous and two lateral fre-
quencies. The emphasis in this paper is different. In the
LPC-based temporal-lateral approach the goal is simply to
take the instantaneous measures when and wherever possi-
ble rather than the quantile-based estimates. For frequen-
cies where speech is deemed to be present and the instan-
taneous values may not be used, the instantaneous lateral
noise values are combined with the temporal estimates ob-
tained through QBNE to provide a composite noise esti-
mate, analogous to the mixed-decision based approach in
[4].

In summary, when and wherever the noise is deemed
to dominate, the instantaneous values are used for noise
subtraction. At resonant peaks in the spectrum, the tempo-
ral quantile-based estimate is combined with the instanta-
neous lateral values to form the noise estimate.



4 ASR Experiments

The evaluation of LPC-based temporal-lateral noise es-
timation was conducted on the AURORA 2 Distributed
Speech Recognition Database [13] which is a recent stan-
dard database on which there are many published results.
See for example [10, 14, 15].

Training was performed on the untreated clean speech
half of the database. The training set was not modified in
any way for any of the experiments performed. The multi-
condition training set was not included. Testing was per-
formed on clean speech, artificially degraded with eight dif-
ferent noises (subway, babble, car, exhibition hall, restau-
rant, street, airport and train station) added across a broad
range of SNRs (clean to -5dB) with two types of convolu-
tional distortion. Recognition experiments were conducted
on the untreated utterances as a baseline and repeated after
being processed with spectral subtraction where the noise
estimate was obtained through the LPC-based, temporal-
lateral approach described in this paper. Comparisons were
also made with the original QBNE approach [5], and the
TF-QBNE approach [11]. Except for the front-end speech
enhancement of the test data, the training and testing pro-
cedures were not altered. Training and testing were per-
formed with the ETSI provided scripts. The full recogniser
specification is in [13].

The degraded signal was analysed on a frame-by-
frame basis, where frames were 32ms in duration and the
frame rate was 8ms. The DFT of each frame was computed
from which the temporal quantile was constructed for all
� � . The period, � , over which the quantile was formed was
fixed at 0.5 seconds, resulting in a 63 point quantile. In an
additional step, the LPC frequency response was calculated
to determine the resonant peaks and the troughs between
them where noise was deemed to dominate and where noise
estimates were obtained. The final noise estimate was then
calculated for all �
� and subtracted as in the implementa-
tion of spectral subtraction [2] with SNR-dependent noise
over-estimation and noise floors:

� � ��� � �%��� � ! � � " ��� � �%��� � ! '�� � �+ ��� � ����� � ! (5)

� �� ��� � �%��� � ! �
� � � ��� � ����� � ! , if

� � ��� � �%��� � !���� � " ��� � ����� � !� � " �����$����� � ! , otherwise

where
� " ��� �%��� � ! , �*�+ ��� ����� � ! , and

���� ��� ����� � ! are the
power spectra of the degraded speech, noise estimate and
clean speech estimate respectively.

The location of ��� and ��� in Equation 4 were deter-
mined from the LPC-derived spectrum. In this work only
the instantaneous values at � � and � � were combined with
the quantile-based estimate at �
� to form the noise estimate
used in the noise estimation process at resonant peaks in
the spectrum. � ! and �	� in Equation 4 were therefore set
to zero. The three remaining values were combined with
equal weighting so that � � , � 
 and �	� in Equation 4 were
all set to �

� .
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Figure 5. Average word accuracy against SNR for the ETSI
front-end baseline and spectral subtraction using LPC-
based temporal-lateral noise estimation for the clean train-
ing half of the AURORA corpus.

5 Experimental Results

Figure 5 illustrates the performance curves for the ETSI
front-end baseline (lower solid line) and for the same
data after processing with spectral subtraction using LPC-
based temporal-lateral noise estimation (higher dashed
line). Without added noise there is no improvement over
the baseline. At all other SNRs there is an improvement
in word recognition accuracy over the baseline, the best re-
sults coming from between 10dB and 0dB.

Table 1 illustrates a performance comparison in terms
of the average word accuracy and average relative improve-
ment for the baseline and for spectral subtraction where the
noise estimate is obtained through the original QBNE ap-
proach [5], TF-QBNE approach [11], the proposed LPC-
based temporal-lateral approach and finally for the har-
monic tunneling approach as published in [10]. The LPC-
based temporal-lateral based approach is shown to give su-
perior results over the baseline, QBNE and TF-QBNE ap-
proaches but not over the root-normalised harmonic tun-
nelling approach. The QBNE, T-F QBNE and LPC-based
temporal-lateral experiments were performed with no alter-
ation to the feature extraction or recognition phases of the
AURORA framework.

6 Conclusions

All speech enhancement techniques either explicitly or im-
plicitly separate noise from speech. To accomplish this,
knowledge of the speech must be beneficial. In this pa-
per we use LPC analysis to identify areas of the spectrum
which are likely to be dominated by speech, through re-
gions of high energy. Low energy regions are used to pro-
vide noise estimates. This approach is combined with the
recently published quantile-based approach to noise esti-
mation where estimates are derived along the time course



Performance
Approach Accuracy Improvement

Baseline 60% -
QBNE 64% 10%
T-F QBNE 66% 15%
LPC-based temporal-lateral 70% 26%
Harmonic tunnelling [10] 83% 58%

Table 1. Performance in terms of average word accuracy
and average relative improvement for the ETSI baseline,
QBNE, T-F QBNE, LPC-based temporal-lateral and har-
monic tunnelling.

rather than along the frequency axis. The combination of
instantaneous, lateral estimation and temporal, quantile-
based estimation is shown to give improved results over the
single quantile-based and time-frequency quantile-based
approaches. An average relative performance improvement
of 26% over the ETSI baseline is achieved with the pro-
posed approach.
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