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Abstract

A recent approach to signal segmentation in additive
noise [1, 2] uses features of small spectrogram sub-units
accrued over the full spectrogram. The original work con-
sidered chirp signals in additive white Gaussian noise.
This paper extends this work first by considering similar
signals at different signal-to-noise ratios and then in the
context of speech recognition. For the chirp case, a cost
function based on spectrogram area is introduced and this
indicates that the segmentation process is robust down to
and below 0 dB SNR. For the speech experiments the ob-
jectives are again to assess the segmentation capabilities
of the process. White Gaussian noise is added to clean
speech and the segmentation process applied. The cost
function now is automatic speech recognition (ASR) ac-
curacy. After segmentation speech areas are set to one
constant level and non-speech areas are set to a lower
constant level, thereby assessing the segmentation pro-
cess and the importance of spectral shape in ASR. For the
ASR experiments the TIDigits database is used in a stan-
dard AURORA 2 configuration, under mis-matched test
and training conditions. With 5 dB SNR for the test set
only (clean training) a word accuracy of 56% is achieved.
This compares with 16% when the same noisy test data
is applied directly to the ASR system without segmenta-
tion. Thus the segmentation approach shows that spec-
tral shapes alone (without normal spectral amplitude vari-
ations) leads to perhaps surprisingly good ASR results in
noisy conditions. The next stage is to include amplitude
information along with appropriate noise compensation.

1. Introduction

The task of separating speech from noise has proven to
be a particularly challenging one over a number of years.
Whether the speech is destined for an automatic recogni-
tion system or for a person the normal goal of the task
is essentially the same and can be summarised as that of
extracting a representation of the speech signal that leads
to improved recognition. In this context the early work
of Boll [3] is generally acknowledged as the forerunner
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erimental investigations of many variants under the
al heading of spectral subtraction. All involve de-
noise estimates which are then subtracted from the

pted signal. Typically, these estimates relate to short-
iscrete Fourier transform frequency bins and in the

procedures they were derived from non-speech in-
s. However, more recently procedures have been ex-
d which derive noise estimates continuously, dur-
eech and non-speech intervals. These include the

ile-based approach of Stahl et al [4] and extensions
utilise both local time and local frequency bins [5].
er recent approach which uses local time and fre-
y bins to derive noise estimates is the harmonic tun-
g of [6]. Clearly these latter approaches have the po-
l for deriving better noise estimates since they make
t only of the complete time course but also can pro-
stimates from within the same instantaneous win-

hat is subjected to compensation, a feature particu-
eneficial for distinctly non-stationary noise.

his paper considers another approach which pos-
these benefits in that it attempts to separate a signal

noise. However here the process is one of segmen-
, classifying regions of a short term spectrogram as
signal or non-signal (noise). The process is based
statistical properties of the short term spectrogram
orphological filtering. Regions in the spectrogram

entified as either noise or signal and then the signal
s are grown via morphological processing. Very lit-
rk has been published on the morphological filtering
ech. The work of Hansen [7] considers morpholog-
based feature enhancement in the context of noisy

h and Lombard, but little else has followed. The mo-
n for the work presented here stems from the recent
of Hory et al in signal segmentation [1, 2].

e remainder of the paper is structured as follows.
n 2 contains a description of the morphological fil-
approach as proposed by Hory et al [1, 2] includ-

pporting evidence independently obtained for chirp-
signals extracted from additive white Gaussian
) noise. The basic work is first extended by con-

ng segmentation performance for different signal-to-
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Figure 1: Spectrograms of chirp test signal: (a) without
and (b) with AWG noise added at +5 dB (higher chirp), 0
dB (middle chirp), -5 dB (lower chirp), and corresponding
segmentation results (c) and (d). Horizontal time axis (0-
0.5 seconds), vertical frequency axis (0-4 kHz).

noise ratios, again for the same synthesised chirp signal
(Section 3). Then, in Section 4, some initial speech recog-
nition results are presented using the TIDigits database
[8], followed by some observations and suggestions for
further work.

2. Background to Signal Segmentation

The procedures considered here to segment signals from
noise follow closely those of Hory et al [1, 2]. Conse-
quently, since the details and background are covered ex-
tensively in [1, 2], only the concepts and outlines of the
procedures are presented. In conceptual terms it is conve-
nient to consider the spectrogram as an image. Then the
segmentation process is based on the statistics of features
derived from sub-images and accrued over the full image.
The assumption is that the statistics associated with noise
differ from those associated with the signal. The sub-
image features recommended in [1, 2] are the mean and
standard deviation of pixel values (ie power spectra) of
each sub-image. Figure 1 (a) and (b) show spectrograms
of clean and noisy chirp test signals respectively (as used
in [1, 2]). The corresponding spectrograms after segmen-
tation are shown in Figure 1 (c) and (d).

The segmentation procedure begins by computing the
local features across the spectrogram and then locating
seeds for morphological growth of signal regions. A
grid is obtained from estimations of the SNR of the sub-
images. The grid is superimposed onto the feature space
and determines the seed selection. Examples of seeds are
illustrated in Figure 2 (a), which shows a plot of the two
features, mean against standard deviation for the 3-chirp
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e 2: An illustration of seeds (a) for the test signals
ure 1 (b) and (d), and the resulting segmented fea-
pace (b) showing three distinct regions, one for each

ples shown in Figure 1 (b) and (d). Seeds are taken,
y one, starting with the highest values of the grid (re-

in Figure 2 (a)) until reaching a region deemed to be
Each seed is grown in the spectrogram to provide

l regions. Subsequently a new grid and a new esti-
noise-region are computed from the un-segmented

nts. The process is repeated until the normalised
um likelihood calculated to estimate the noise con-

s [1, 2]. The segmented feature space is given in
e 2 (b).

3. Signal to Noise Ratio

esults presented in Figures 1 and 2 corroborate those
ted in [1, 2]. In this section the procedures are ap-
for different levels of signal-to-noise ratio in an at-
to assess the robustness of the process. An objective

unction is defined in the form of segmentation areas.
rocedure is applied first to a clean signal leading to
aseline segmentation area. Then the cost function
s from the integration of the image difference signal:

Seg. Acc.�SNR=�dB �

�
��� Seg��� ����dB�
��� Seg��� ���clean

,
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Figure 3: Dependence on SNR: area based segmentation
error against SNR for chirp signal.

where the segmentation accuracy at � dB is given by
the ratio of segmented areas at � dB and the original clean
area, � and � are the dimensions of the spectrogram im-
age. Figure 3 shows values of this cost function for chirp
signals with different SNR, decreasing from +15 dB to -
5 dB. The associated segmentation error shows a marked
increase when the SNR reaches -5 dB, but is reassuringly
level for higher SNRs. Example time waveforms, spec-
trograms and results of segmentation are given in Figure
4. At -5 dB (Figures (b), (d) and (f)) some of the sig-
nal area has been lost and the chirp is broken at one point
early along the time course; also, there are some small
areas wrongly classed as signal mainly at the lower end
of the frequency range. The corresponding segmentation
cost function in Figure 3 indicates a 40% signal area error
for the same conditions.

4. Speech Experiments

The objective of the experiments reported here are two-
fold. The first is to assess the contribution of speech
shapes or structures in the spectrogram to ASR perfor-
mance and second, to extend the assessment of SNR de-
pendence reported in Section 3, to the speech context.

The experiments are performed on a subset of the
TIDigits database [8]. A set of 8440 utterances are used
for training and a set of 1001 utterances for testing. The
experimental setup is the same as that of the AURORA 2
database [9] except that here AWG noise is added to the
test set only at six different noise levels (20, 15, 10, 5, 0,
and -5 dB).

In order to investigate the contribution of speech
shapes or structures, the segmentation is applied to speech
spectrograms as described in Section 2. Following seg-
mentation, the energy at all areas of the spectrogram
deemed to be speech are set to one common ceiling value.
Similarly, all areas of the spectrogram deemed to be noise
are set to one common floor value. An illustration of the
results is given in Figure 5 where the spectrogram of an
original utterance from the TIDigits database is given in
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e 4: Dependence on SNR: time waveforms at (a) 10
d at (b) -5 dB, corresponding spectrograms (c) and
nd results of segmentation (e) and (f). Horizontal
xis (0-0.5 s), vertical frequency axis (0-4 kHz).

e spectrogram of the same utterance corrupted by
noise at 5 dB is given in (b) and the result of seg-
tion given in (c).

gure 6 shows ASR results in terms of word accu-
lotted against SNR levels of mismatched noise con-
s for the untreated data set and the morphologically
d set (morph set). In the clean case for both test and
ng the morph set gives perhaps surprisingly good re-
t 89%, given that all spectral amplitude information

een replaced by a single level (cf 98% for untreated
Furthermore the robustness of the shape segmenta-
s illustrated by the more gradual degradation in the
f the morph set, falling to just 56% at 5 dB (cf 16%
treated). The next stage is to replace some of the
tude variation to the segmented speech signal areas.

5. Conclusions

s paper experimental results relating to a recently
sed process for segmenting signals in the domain of
ograms [1, 2] are described. The original work con-
chirp test signals and experiments reported here use
r signals thereby independently corroborating the
al findings. These first results are extended by then



Time (s)

F
re

qu
en

cy
 (

kH
z)

0 0.25 0.50 0.75 1.00 1.25

1

2

3

4

(a)

Time (s)

F
re

qu
en

cy
 (

kH
z)

0 0.25 0.50 0.75 1.00 1.25

1

2

3

4

(b)

Time (s)

F
re

qu
en

cy
 (

kH
z)

0 0.25 0.50 0.75 1.00 1.25

1

2

3

4

(c)

Figure 5: Three spectrograms for (a) original clean speech
utterance from the TIDigits database, (b) the same utter-
ance degraded by AWG noise at 5 dB and (c) the result of
signal segmentation.

examining segmentation performance at different SNRs.
It is shown through a spectrogram area cost function that
the segmentation process is robust down to 0 dB and be-
low.

The experimental work is then extended to the speech
domain. Areas deemed to be dominated by speech are
segmented and set to a constant high amplitude. All other
areas are set to a constant low floor level. Clearly this
process preserves only the spectral shape of the speech.
In so doing it looses local amplitude information of the
speech but in doing so it also removes all noise (accept that
which has corrupted the spectral shapes of the speech).

For the ASR experiments the TIDigits database is
used in a standard AURORA 2 configuration. Under mis-
matched test and training conditions of 5 dB SNR for the
test set only (clean training) a word accuracy of 56% is
achieved. This compares with 16% when the same noisy
test data is applied directly to the ASR system. In con-
clusion the approach to signal segmentation applied here
to speech, shows that spectral shapes alone (without nor-
mal spectral amplitude variations) leads to perhaps sur-
prisingly good ASR results in noisy conditions and pro-
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e 6: Word recognition accuracy against SNR for the
ne and morphologically filtered sets. The recognis-
e trained on clean data and tested against data with
added at the indicated level.

good noise suppression. The next stage is to in-
spectral amplitude information along with appropri-
ise compensation in the spectrogram regions occu-
y speech.
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