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ABSTRACT
This paper describes the application of morphological fil-
tering to speech spectrograms for noise robust automatic
speech recognition. Speech regions of the spectrogram are
identified based on the proximity of high energy regions to
neighbouring high energy regions in the three-dimensional
space. The process of erosion can remove noise while di-
lation can then restore any erroneously removed speech
regions. The combination of the two techniques results
in a non-linear, time-frequency filter. Automatic speech
recognition experiments are performed on the AURORA
database and results show an average relative improvement
of 10% is delivered with the morphological filtering ap-
proach. When combined with quantile-based noise estima-
tion and non-linear spectral subtraction, the average rela-
tive performance improvement is also 10% but with a dif-
ferent performance profile in terms of SNR.
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1 Introduction

Recent years have seen an increased commercial deploy-
ment of speech recognition technology. The use of auto-
matic speech recognition (ASR) in the mobile telephony
scenario is particularly appealing. However, coupled with
the convenience of mobility is the susceptibility to back-
ground noise. The effects of background noise on ASR and
the many diverse approaches to compensate for its effects
have long been the interest of many speech researchers and
there is a wealth of literature in the field. In this context the
consequences of ambient noise are:

� direct contamination of the short-term spectral esti-
mates upon which ASR systems are based

� induced changes in the speaking style of the persons
subjected to the noise, known as the Lombard reflex
[1]

Both of these consequences tend to have adverse ef-
fects on ASR performance. The two effects are fundamen-
tally different and call for very different approaches to com-
pensation. This paper addresses the first issue; here we
are concerned with noise estimation in the context of noise
compensation and speech enhancement for ASR.

(a)

(b)

Figure 1. Two spectrograms from (a) a ‘clean’ utterance
and (b) with added car noise from the AURORA database
at 10dB SNR (vertical frequency axis 0-4kHz, horizontal
time axis 0-3s).

Approaches to noise compensation and speech en-
hancement fall into two very broad categories:

� front-end processing of test data (time waveform,
spectral processing, robust feature extraction)

� back-end compensation of pre-trained models

In front-end processing for example, a spectral es-
timate of the noise signal can be obtained and then sub-
tracted from the degraded signal. In back-end processing a
similar noise estimate may be used to compensate speech
models for the presence of ambient noise at the test source.
Whatever the approach taken in either category, the goal
is to separate the noise and speech signals, whether it be
implicitly or explicitly, and then to minimise the inevitable
difference between the conditions at the training and testing
stages. This is illustrated in Figure 1 by the spectrograms
for ‘clean’ and noisy speech.

A particular difficulty of estimating background noise
is caused by frame-to-frame variations of the energy in
each frequency bin. This is illustrated in Figure 2 by the
energy in a single frequency bin in the region of 500Hz
for 32ms DFT windows for a period of 2 seconds taken
from car noise. The profiles are of the instantaneous rapidly
varying spectral component (solid line) and the associated
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Figure 2. An illustration of the differences between the in-
stantaneous noise values and mean noise estimate at 500Hz
(window period = 32ms) for car noise.

mean noise estimate (dashed line). When only noise is
present, the instantaneous values may be used as the (per-
fect) noise estimate but when speech is present the task be-
comes much more difficult and often the mean computed
over a suitable interval is taken as an estimate. This raises
the question of how to obtain a model of the noise spectrum
that is an improvement over the simple short-term mean.

Reliable noise estimation remains a challenging prob-
lem in many noise compensation and speech enhancement
tasks. Spectral subtraction [2, 3, 4] is a simple example of
spectral noise estimation and subtraction, where noise esti-
mates are updated during speech gaps. Here the noise and
speech intervals are explicitly separated. In the histogram
approach of [5] and quantile-based approach of [6, 7] the
noise and speech signals are implicitly separated. Noise
estimation is performed in both non-speech and speech in-
tervals. In [8] instantaneous noise estimation is performed
based on the harmonic analysis of degraded speech. In [9]
an approach to noise estimation is proposed that combines
implicit and explicit estimates. In [10] and [11] two dif-
ferent extensions to the quantile-based approach [6] and
harmonic tunnelling approach [8], are proposed where the
noise estimate is improved based on the profile of a spec-
trum derived from the discrete Fourier transform (DFT) and
linear predictive coding (LPC). In [12] time-frequency fil-
tering is employed to attenuate low residual noise (termed
musical noise in the literature) after spectral subtraction.
Non-speech-like peaks in the processed spectrum which
remain after spectral subtraction are identified based of
their duration, bandwidth and proximity to other peaks
in the three-dimensional, time-frequency approach. Peaks
deemed to be residual noise are removed whereas peaks
deemed to come from speech are left untreated.

The common element to these latter approaches is that
noise estimation is a three-dimensional operation based of
the spectrogram of the degraded signal. It is reasonable to
hypothesise that the more successful techniques not only
implement the idea of noise estimation but also speech es-
timation. In this paper we introduce the idea of speech re-
gion identification using techniques usually applied to im-

age processing. In essence the goal is to identify areas of
the spectrogram where the presence of speech is dominated
by the presence of noise. The combined morphological op-
erations of first erosion and then dilation known as open-
ing are applied to a binary thresholded version of the de-
graded spectrogram to highlight probable speech regions.
The idea is then that noise statistics in the remaining area
of the spectrogram may be used to calculate an estimate of
the underlying noise signal in both non-speech and speech
regions.

The remainder of this paper is organised as follows.
In Section 2 the morphological filtering operations of ero-
sion, dilation and opening are described. In Section 3 we
discuss experimental work with results; conclusions are
presented in Section 4.

2 Morphological Filtering and Noise Com-
pensation

Upon visual inspection of typical spectrograms at a rea-
sonable SNR such as those in Figure 1, the speech regions
and structures are intuitively identified. Morphological fil-
tering is a technique applied to image processing and is
used for a number of purposes. These encompass struc-
ture enhancement, object marking, shape simplification,
fore-ground/back-ground segmentation and noise filtering.
A familiar example of morphological processing is opti-
cal character recognition. A scanned binary image is pre-
processed to remove noise and the objects (the letters) are
marked and enhanced as a precursor to recognition. Mor-
phological filtering is proposed here as a non-linear tool
for the pre-processing of speech spectrograms for noise es-
timation and noise compensation.

Figure 3(a) illustrates a time waveform of an utterance
from the AURORA database at 10dB SNR. Figure 3(b) il-
lustrates the corresponding spectrogram. To the human eye
the speech structures are clearly visible. Noise estimation
and speech enhancement are typically employed to atten-
uate the noise component to improve ASR performance.
With approaches such as spectral subtraction, the underly-
ing noise signal is estimated in some fashion, convention-
ally during non-speech intervals in the frequency domain,
and then subtracted from the degraded spectrum. The as-
sumption is made that the information is contained in the
short-term spectral magnitude and that the phase is of neg-
ligible importance.

Successful noise estimation approaches consider not
only noise statistics from the same frequency along the time
course, but also those statistics gained from neighbouring
frequencies along the time course. To accomplish this, the
detection of speech becomes a three-dimensional problem.
Attributes that may be used to identify speech regions in-
clude:

� pitch harmonic analysis [8]� relative energy levels� peak proximity-based analysis



An understanding of morphological filtering may be
gained from [13, 14, 15]. Morphological analysis may
be applied to grey-scale images but in the preliminary
work presented in this paper, erosion and dilation with
isotropic structuring elements are combined in opening
pre-emphasised and thresholded, binary spectrograms as il-
lustrated in Figure 3.

2.1 Erosion

Erosion is used to shrink objects. A structuring element
or mask, � , is moved over the image, � , pixel-by-pixel.
Using the notation from [14] the result of eroding image,
� , by the structuring element, � , written:

������� ���
	������������	 � for every
��	 � � (1)

is defined by all those points
�

for which all possible�����
are in � where

� 
represents the two-dimensional

space. The result is a smaller or eroded version of the orig-
inal image.

2.2 Dilation

Dilation is the dual of erosion. Dilation results in the ex-
pansion of a shape and is used to fill small gaps or valleys
between shapes. Again, using the notation from [14] the
result of dilating image � by structuring element, � writ-
ten:

������� ���
	������� ��� � �"! � 	 � and
�#	 � � (2)

is defined as the point set of all possible vector addi-
tions of pairs of elements, one from each of the sets � and
� .

2.3 Opening

Each process of erosion and dilation may be applied re-
peatedly. However, neither process is generally reversible.
If an image is eroded, dilation will not restore the image
to its original since once an object or element has disap-
peared, it can not generally be reformed. This property is
utilised in the process of opening written as:

�%$&�'�'(*) ����+,�-� (3)

This implies that the opening of image, � , is the ero-
sion of � by � followed by the dilation of the results, also
by � . Usually erosion and dilation operations may be per-
formed . times. Opening is commonly used to remove
noise. Unwanted small regions of noise in the image are
eroded until they disappear. The image is then dilated to
restore a smoothed version of the original image, without
the noise.

(a) time waveform

(b) spectrogram

(c) thresholded spectrogram

(d) 2 iterations of erosion

(e) 2 iterations of dilation

(f) result of ANDing images (b) and (e)

(g) resulting time waveform

Figure 3. An overview of morphological filtering (spectro-
gram vertical frequency axis 0-4kHz, horizontal time axis
0-3s).



An example of opening is given in Figure 3. Figure
3(d) shows the results after two iterations ( . � �

) of ero-
sion with the thresholded spectrogram in Figure 3(c) and
a simple 3x3 isotropic structuring element. Figure 3(e) il-
lustrates the results of dilating Figure 3(d) with the same
structuring element and so represents the opening of Figure
3(c). Figure 3(f) provides an example of how the detected
speech regions are extracted from the original spectrogram
using the binary map and restored to the time domain to
perform speech enhancement as in Figure 3(g).

In this paper we examine the process of opening ap-
plied to speech spectrograms and draw the analogy be-
tween techniques such as harmonic tunnelling [8] and time-
frequency quantile-based noise estimation [10].

3 Experimental Work

The evaluation of morphological image filtering techniques
applied to speech spectrograms for robust speech recogni-
tion in noise was conducted on the AURORA 2 Distributed
Speech Recognition Database [16] which is a recent stan-
dard database on which there are many published results.
See for example [8, 17, 18].

An ASR system was trained on the untreated clean
speech half of the AURORA 2 database. The training set
was not modified in any way for any of the experiments
performed. The multi-condition training set was not in-
cluded. Testing was performed on clean speech, artifi-
cially degraded with eight different noises (subway, bab-
ble, car, exhibition, restaurant, street, airport and train sta-
tion) added across a broad range of SNRs (clean to -5dB)
with two types of convolutional distortion. Recognition ex-
periments were conducted on the untreated utterances as
a baseline and repeated after being processed with mor-
phological filtering and quantile-based, non-linear spectral
subtraction similar to [6]. Except for the front-end speech
enhancement of the test data, the training and testing proce-
dure was not altered. Training and testing were performed
with the ETSI provided scripts. The ETSI front-end uses
13 Mel frequency cepstral coefficients including the zeroth
coefficient and the log energy resulting in a 14 coefficient
feature vector. The full recogniser specification is in [16].

The degraded signal was analysed on a frame-by-
frame basis, where frames were 32ms in duration and the
frame rate was 16ms. Morphological filtering was applied
to the spectrograms and in the first set of experiments,
where speech was detected to be absent (white regions in
spectrogram images) by the morphological filtering, the en-
ergy values where set to some small sensible noise floor.
The processed spectrogram was then reverted to the time
domain and the first set of recognition experiments per-
formed. In the second set of experiments the non-speech
regions were used to obtain noise estimates at all frequen-
cies and combined with quantile-based noise estimation to
obtain a composite noise estimate used in non-linear spec-
tral subtraction. The period, � , over which the quantile
was formed was fixed at 0.5 seconds, resulting in a 32

Figure 4. Word recognition accuracy against SNR for the
ETSI front-end baseline (lower solid line), after binary
morphological filtering (dashed line) and the combination
of binary morphological filtering with quantile-based noise
estimation and non-linear spectral subtraction (dotted line).

point quantile. The composite noise estimate was calcu-
lated for all ��� and subtracted as in the implementation of
spectral subtraction in [4] with SNR-dependent noise over-
estimation and noise floors:

� � (�� � !
	 + �  � � � (�� � !
	 + � �������� (�� � !�	 + �  (4)���� (�� � !
	 + �  �
� � � (�� � !�	 + �  , if

� � (�� � !
	 + � ���� � � (�� � !�	 + � � � � (���� !�	 + �  , otherwise

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), after morpho-
logical filtering (dashed line) and after quantile-based, non-
linear spectral subtraction using the composite noise esti-
mate (dotted line). For the very highest SNRs there is little
improvement over the baseline. At all SNRs below 15dB
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 for the
baseline is 58% and after morphological filtering alone is
66% which corresponds to a 10% average relative improve-
ment over the baseline. When the morphological filtering
is combined with quantile-based noise estimation and non-
linear spectral subtraction, the average performance is also
66% with the same average relative improvement. It is ob-
served that whilst there is no difference in average perfor-
mance between the two approaches, they exhibit different
performance profiles in terms of SNR as illustrated in Fig-
ure 4.



4 Conclusions

This paper has presented the idea of morphological filtering
for noise compensation and speech enhancement for noise
robust automatic speech recognition. The morphological
operations of erosion are shown to remove noise from the
noisy spectrogram and dilation is shown to restore any erro-
neously removed speech regions. The combination of ero-
sion and dilation techniques were applied to attenuate the
noise component in noisy speech spectrograms and an av-
erage relative improvement of 10% over the ETSI-baseline
was acheived with the two approaches.

This work has demonstrated the suitability of mor-
phological filtering techniques applied to noise compensa-
tion and speech enhancement. The next stage is to imple-
ment grey-level morphological filtering techniques where
the grey level represents the signal energy. This approach is
expected to deliver improved results over the binary thresh-
olded version.
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