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Abstract: This paper addresses the problem of noise estimation for speech enhancement and automatic speech recogni-
tion. In the context of mobile telephony, there is a requirement for low resource algorithms which must run at real-time.
This paper describes the implementation of a recently published approach, termed quantile-based noise estimation, in-
tegrated within a conventional spectral subtraction framework. The novelty lies in the efficiency of the noise estimation
process. Assessment is carried out on the AURORA corpus and demonstrates significant improvements in efficiency.
Automatic speech recognition results show an average relative improvement of 26% over the baseline.

1. INTRODUCTION

Reliable noise estimation remains a particularly challeng-
ing problem in many speech enhancement and noise com-
pensation tasks. There exists a plethora of research pub-
lished in the field of noise robust automatic speech recog-
nition (ASR). The effects of additive noise are well un-
derstood. With the recent broadening base of ASR appli-
cations, particularly in hand-held mobile telephony where
wide variations in background noise are typically encoun-
tered, the problem has rapidly grown in importance. Re-
liable recognition performance is critical in the successful
deployment of emerging speech technology applications
in telephony and in other domestic situations.

In the mobile telephony area in particular, there is a
requirement for low resource, efficient algorithms which
typically must perform in real-time. Even where any such
speech enhancement algorithm is performed remotely, say
on a networked server, with the associated large volume of
traffic efficiency remains highly important.

There are many published approaches to noise esti-
mation and speech enhancement: spectral subtraction and
Wiener filtering [1, 2, 3, 4, 5], parallel model combination
[6, 7, 8] and a wide variety of probabilistic approaches
including those of [9, 10, 11]. [3, 4, 5] all address the
in-car mobile telephony scenario. Of particular interest
in this paper is quantile-based noise estimation (QBNE)
originally published by Stahl et al [5]. QBNE requires
no voice activity detection and updates noise estimates
in both speech gaps and speech intervals meaning it can
react to changes in noise that occur during speech. Fur-
thermore, there are relatively few parameters to optimise
and parameters specific to the quantile are signal level in-
dependent. The primary theme here is that QBNE is a
practical approach well suited to effective noise estima-
tion. In [5] the noise estimate is used in the context of
Wiener filtering and spectral subtraction. The approach

is compared with conventional noise estimation in speech
gaps and good results are reported.

In this paper, the original QBNE approach is modified
to improve the reliability and efficiency of the noise esti-
mation process. An indexing and ranking sort procedure
is utilised. The proposed approach has been implemented
on a 500MHz processor and is well within its capabilities.
The system has been evaluated on the AURORA 2 [12]
Distributed Speech Recognition Database. A comparison
with the conventional QBNE approach is made in terms
of efficiency and ASR word recognition accuracy. Results
indicate that comparable performance is achieved through
the new efficient algorithm with a great reduction in pro-
cessing requirement.

The remainder of this paper is organised as follows. In
Section 2 the conventional QBNE approach is described.
In Section 3 the proposal for efficient QBNE is described
and a comparison of the original QBNE and new proposal
in terms of processing requirements is given. In Section 4
experimental work is described with the results. Conclu-
sions are presented in Section 5.

2. QUANTILE-BASED NOISE ESTIMATION

Approaches to noise estimation that do not require ex-
plicit speech, non-speech detection include those of Stahl
et al [5], Martin [13], Arslan et al [4], Doblinger [14] and
Hirsch and Ehrlicher [15]. In all cases noise statistics are
continually updated during non-speech and speech peri-
ods.

Quantile-based noise estimation (QBNE) originally pro-
posed in [5] is an extension to the histogram approach, an
idea originally put forward in [15]. The quantile-based
and histogram-based approaches to noise estimation are
based on two different statistical measures, the median
and the mode. QBNE makes use of the fact that even
during speech periods, frequency bins tend not to be per-
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Fig. 1. Two quantile buffers for noise (dashed line) and
noisy speech (solid line). Values at � are assumed to pro-
vide reliable estimates of the instantaneous noise.

manently occupied by speech, i.e. exhibit high energy lev-
els. This leads to non-speech, speech boundaries being de-
tected implicitly on a per-frequency bin basis, with noise
estimates updated throughout non-speech and speech pe-
riods. QBNE is simple to implement, with relatively few
parameters to optimise and is intrinsically independent of
absolute signal levels.

The degraded signal is analysed on a frame-by-frame
basis. The discrete Fourier transform (DFT) is computed
for each frequency ��� over some period, � , and the power
at that frequency in each frame (32ms) is placed in a first-
in-first-out buffer and the buffer numerically sorted. The
noise estimate for � � is then taken as the middle or median
value of the corresponding buffer. The QBNE noise esti-
mate, ����
	�� � �������� � � at frequency � � and time ��� is defined
as:

� �� 	 � ��� �� � � � ��� � �������� � ��� � � � , assuming  is odd (1)

where � � � � �!� � � is a numerically sorted buffer of length containing values of � � � � ����"� � � where �#�%$'& �)( � (���+* & � . Note that when speech is absent � � � �������� is the
same as

�,� ��� �� � � . 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 proved to provide a reasonable esti-
mate of the noise and is as good as the mean used in the
conventional implementation of spectral subtraction, even
when the speech intervals are hand-labelled [16].

Figure 1 shows a typical power distribution from a
sorted buffer of � � . When speech is present, the assump-
tion is that entries in the quantile to the right of � may
be attributed to noisy speech or high energy noise. Entries
around � are assumed to have come from speech gaps and
to provide an estimate of the noise.

3. EFFICIENT QBNE

The degraded signal is sampled at 8kHz with 50% overlap,
32ms frames. The period � , over which the quantile is

formed is fixed at 0.75 seconds, resulting in a 48 point
quantile. This is illustrated in Figure 2.

As stated in [5] the rate that quantile-based noise es-
timation reacts to changes in the noise is proportional to
the size of the buffer. Too small and the estimation is not
accurate. Too large and the reaction time is slow. To en-
able the quantile to react to each replacement of old data
in the quantile the quantile must be reconstructed and re-
sorted each time the data is changed. However, the repet-
itive construction and sorting of each quantile for every
frequency, ��� , as the process progresses is highly ineffi-
cient. In the worst case scenario if there are  entries in-

quantile buffers, there are
- �  .� � operations required to

maintain a sorted quantile matrix with a basic sorting rou-
tine. Even with more efficient sorting algorithms such as
those with  0/2143 �  operations, performance is still costly
and there is significant redundancy in the algorithm.

In [5] the quantile is constructed and to gain efficiency
when full, the smallest and largest values are discarded
and replaced by the newer entries. In the worst case sce-
nario now, this corresponds to

- �  $65�� sorting opera-
tions to maintain the quantile matrix. However in such a
scheme, should the noise change to (and remain at) a sig-
nificantly higher or lower level then the noise estimation
will not react to the change.

In this paper, a highly efficient indexing and ranking
sort algorithm as in [17] is proposed that reacts to changes
in instantaneous noise and overcomes the above limita-
tions. As illustrated in Figure 2, an index and rank buffer,78� ��� � and 9 � ��� � , to the quantile buffer, � � ��� � , are cre-
ated. The purpose of the index and rank buffers are to min-
imise the processing required to sort each quantile buffer
every time new data arrives.

Each index buffer,
7�� � �!� , is initialised with integers

5;:<:2:  . In the next step � � � �!� is sorted numerically, ex-
actly as in the conventional approach, and the same or-
der is applied to the index. In other words,

78� � �!� is nu-
merically sorted as if it contained the data in the quantile
buffer, � � ��� � . The rank buffer, 9 � ��� � then ranks the con-
tents of

7�� ��� � . This concept is illustrated in [17], and by
Figure 2.

Now when new data arrives, the processing require-
ment to maintain the quantile matrix is dramatically re-
duced. To add new data to each buffer, one need only look
to the rank buffer, 9 � �=� � , to determine which location in� � ��� � should be replaced with the new data. 9 � �=� � ef-
fectively labels � � ��� � by age so that the oldest value in
� � ��� � is pointed to by the first element of 9 � �=� � . As the
processing proceeds in time, the oldest values are replaced
by the newest. Now when each � � � �4� is sorted there is
only ever one value that is not in numerical order. When
� � � �4� is sorted the single out-of-order element simply
cascades through the buffer to its correct location and the
noise estimate is kept up-to-date upon every replacement
of old data in the quantile buffer. This now corresponds to
the original

- �  $)5�� operations to maintain the quantile
matrix in the worst case scenario. In practise the new ap-
proach is more efficient since the new data is not forced to
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Fig. 2. Quantile-based noise estimation. A typical example of the contents of ��
	!� � � "����� is illustrated in Figure 1.

enter the quantile at the extremities with far fewer sorting
operations required.

4. EXPERIMENTAL WORK

The experimental work presented here is two fold. First,
an evaluation of the computational efficiency and second,
an assessment in terms of automatic speech recognition
(ASR). Both are performed on the AURORA Distributed
Speech Recognition Database [12] which is a recent stan-
dard database on which there are many published results.
See for example [18, 19, 20].

To evaluate the computational efficiency of the ap-
proach, two sets of experiments were performed first, with
the conventional QBNE noise estimation approach and
second with the efficient QBNE approach proposed here.
A subset of 1000 utterances from the AURORA database
was chosen where the average utterance length was ap-
proximately 1.7s. The subset was treated with spectral
subtraction with both approaches. The experiments were
performed with differing buffer lengths to observe the de-
pendence of both algorithms. The results are illustrated
in Figure 3. Though the performance is dependent on the
processor, the comparison between the conventional and
efficient approach is valid. For the given processor, the
conventional approach does not deliver real-time perfor-
mance for any of the tested buffer lengths. In contrast, the
efficient version performs in real-time for all of the tested
quantile buffer lengths.

The second set of off-line experiments are concerned
with ASR performance. An ASR system was trained on
the untreated clean half of the AURORA 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 performed on clean speech,
artificially degraded with eight different noises (subway,
babble, car, exhibition hall, restaurant, street, airport and
train station) added across a broad range of SNRs (clean to
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Fig. 3. Log (average) processing time against quantile
buffer length in seconds. Performance for conventional
QBNE and efficient QBNE.

-5dB) with two types of convolutional distortion. Recog-
nition experiments were conducted on the untreated ut-
terances as a baseline and repeated after being processed
with spectral subtraction where the noise estimate was ob-
tained through the approach proposed in this paper with
a buffer length of 0.75 seconds which was found to give
the best performance for the tested quantile buffer lengths.
Except for the front-end speech enhancement of the test
data, the training and testing procedures were not altered.
Training and testing were performed with the ETSI pro-
vided scripts. The full recogniser specification is in [12].

The noise estimate was calculated for all �=� and sub-
tracted as in the implementation of spectral subtraction
[3] with SNR-dependent noise over-estimation and noise
floors:

� � � � ����"� � � � � � � � � "�"� � � $�� �8�� � � ����"� � � (2)

� �� � � ����"� � � �
� � � � ��� "�"� � � , if � � � ��� ��"� � � �"! � � � ��� "�"� � �! � � � ��� ��"� � � , otherwise



Fig. 4. Word recognition accuracy against SNR for the
ETSI front-end baseline and spectral subtraction with ef-
ficient QBNE.

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

Figure 4 illustrates the performance curves for the ETSI
front-end baseline (lower solid line) and with non-linear
spectral subtraction using the proposed approach (higher
dashed line). For the very highest SNRs there is little im-
provement over the baseline. At all SNRs below 20dB
there is a noticeable improvement in word recognition ac-
curacy over the baseline, the best results being achieved
between 10dB and 0dB. The average performance is 71%
which corresponds to a 26% average relative improvement
over the baseline.

5. CONCLUSIONS

This paper presents a highly efficient algorithm for noise
estimation that does not require speech, non-speech detec-
tion. The proposed algorithm delivers a significant perfor-
mance improvement in terms of processing requirement
with some cost of additional memory. The algorithm per-
forms in real-time for all conducted experiments on a per-
sonal computer. Automatic speech recognition experiments
show the proposed algorithm gives an average relative per-
formance improvement of 26% over the ETSI baseline on
the AURORA 2 distributed speech recognition database.
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