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ABSTRACT
The effect of noise reduction on the intelligibility of speech
in noise is poorly understood. Although the SNR of noisy
speech is improved by the removal of more noise than speech
from the signal, the expected increase in intelligibility does
not typically occur. To account for these deleterious effects
we present an orthogonal decomposition of the signal intensity envelopes at the output of a filterbank. The noisy speech
envelopes are decomposed into components indicating (1)
the coherence of speech across audio bands; (2) the distortion of the speech envelope; and (3) the speechiness of the
noise. By modelling the results of a listening experiment
we show that envelope distortion can largely account for the
deleterious effects of noise reduction; although reduced coherence could also play a role at low SNRs. There was little
evidence for the idea that increased speechiness of the noise
contributed to the poorer intelligibility after noise reduction.
1. INTRODUCTION
At the output of a filterbank, speech is observed to show considerable envelope modulations which appear to distinguish
it from other everyday sounds. It has been long supposed that
these modulations are essential to intelligibility; and channels that correctly transmit intensity modulations of speech
give high intelligibility [1]. These modulations have also
been widely used in physical measures that predict speech
intelligibility from the signal. For example, the Speech Intelligibility Index (SII) is calculated from the signal-to-noise
ratios in multiple audiobands over 30 dB ranges located symmetrically around the RMS of speech [2]. Likewise the calculation of the Speech Transmission Index (STI) is based on
changes in the modulation depths per audio band [3]. Experience shows that both SII and STI provide good estimates of
intelligibility after linear processing, such as reverberation,
filtering and additive noise, but worse estimates after nonlinear transforms, such as dynamic range compression [4] or
noise suppression [5].
To account for the deleterious effects of multiband
dynamic range compression on intelligibility, Stone and
Moore [6] distinguish three possible mechanisms:
(1) Speech modulations within an audio band may be degraded by the processing. These would affect the modulations considered in intelligibility models like the SII
and STI. However, while those models are particularly
concerned with masking of low intensity speech modulations, Stone and Moore suggest that there may also
be changes in the envelopes at high-levels which might
be made clear by correlating envelopes before and after
processing.

(2) The coherence of speech modulations across audio bands
may be affected. This mechanism focuses on the comodulations in speech envelopes across audio bands.
In the SII, the contribution of each audio band to
intelligibility is assumed to be independent from all
other bands, although it has been acknowledged that
speech modulations between channels are correlated [7].
Whereas in the latest implementation of STI [3] these comodulations are interpreted as adding to the redundancy
of speech, others [6, 7, 8] have argued that they may help
to perceptually separate the speech from the noise, a phenomenon known as auditory grouping [9]. According
to this latter view, a process that impairs coherence in
speech modulations would reduce intelligibility.
(3) The noise may obtain a speech-like character. This
mechanism also concerns the perceptual separation of
speech from noise. Noise with modulations similar
to speech will be more difficult to distinguish from
the speech, presumably leading to reduced intelligibility. The mechanism could account for the greater impact on intelligibility of multi-speaker babble compared
to Gaussian-noise with the same long-term spectrum.
In [10] it was reported that the intelligibility of highpass filtered speech was disturbed by the introduction
of speech-like modulations in an off-frequency low-pass
filtered masking noise. Both phenomena suggest that
”speechy” noise deteriorates intelligibility.
A previous study [6] addressed the contributions of the
three mechanisms to the deleterious effects of dynamic range
compression. However, the decomposition of the modulations in that study was not orthogonal. This meant that a similar distortion could be attributed to different mechanisms,
which obstructed a clear view on their relative magnitude.
To try to obtain a better understanding of speech intelligibility after noise suppression, we investigate which of these
three mechanisms play a role in the detrimental effects of
spectral subtraction, using an orthogonal decomposition of
noisy speech intensity envelopes.
2. ENVELOPE DECOMPOSITION
The DC component of the intensity envelope represents the
average level in an audio band. Here we assume that levels
in all audio bands are well above hearing threshold, meaning
that the DC holds no consequences for intelligibility. Therefore the DC components were excluded from all calculations
to be presented. The clean-speech intensity envelope si (t) in
audio band i can be divided into a unique modulation and a

modulation shared with other frequency bands according to:
si (t) = sui (t) + ssi (t),

(1)

where the superscripts u and s denote the unique and the
shared modulations, respectively. Shared modulations are
found with regression on the modulations in band i by the
modulations in all other bands:
ssi (t) = ŝi (t) = ∑ β j s j (t),

j 6= i.

(2)

j

Since all DC components were ignored, the regression
in (2) does not include a constant. The unique clean speech
modulations are collected in the error term of this regression.
Since both unique and shared modulations are signals, their
relative levels can be expressed as:
!
2
∑t [sui (t)]
USSRi = 10 log10
,
(3)
2
∑t [ssi (t)]
where USSR stands for the unique to shared speech modulation ratio. It expresses the coherence of the speech envelope in a particular band with the speech envelopes in other
auditory bands, similar to within source modulation coherence [6] A low USSR value indicates a strong coherence of
the band with other auditory bands.
Mixing speech with noise, possibly followed by nonlinear processing such as dynamic range compression or
noise reduction may add noise to the clean speech modulations, which can be written

regression: the noise envelope in an audio band is predicted
by the clean speech envelopes in all other bands. Since both
exclusive and mutual noise modulations are signals, one can
express their relative ratios as
!
2
∑t [nei (t)]
,
(8)
EMNRi = 10 log10
2
∑t [nm
i (t)]
defining the exclusive to mutual noise modulation ratio
(EMNR). A low EMNR indicates noise with a high speechlike character.
Combining equations (4) and (6) we obtain:
nsi (t) = wu sui (t) + ws ssi (t) + nei(t) + nm
i (t),

(9)

which is an orthogonal decomposition of the noisy speech
envelope. Since the four components in (9) have zero correlations, their effects on speech intelligibility can be studied independently, in contrast to the mechanisms presented
in [6].
3. EXPERIMENT

In the decomposition of the noise modulations, one quantifies the speech-like character of the noise:

Envelopes were generated for 17 adjacent 1/3-octave audio
bands with band-centre frequencies ranging from 0.160 to
6.35 kHz covering the audio frequencies that contribute most
to intelligibility [2, 3]. The filter bank consisted of zerophase hamming-windowed sync filters with complementary
skirts and over 60 dB oct−1 slopes. After band-pass filtering, intensity envelopes were extracted by squaring the magnitude of the Hilbert transform and subsequent limiting the
modulations to 6 octave bands with centre frequencies ranging from 1 to 32 Hz, while applying a −3 dB oct−1 slope
on the 6-octave wide band pass. This pinking of the envelope gives rise to a log-frequency weighting of the modulation frequencies as advocated by Dau et al. [11], instead of
the linear weighting obtained without this envelope colouration. USSR, SNRmod
and EMNR were calculated using a
i
fixed 128 s fragment of concatenated IEEE sentences [12, 13]
combined with a fixed car noise fragment of equivalent duration. Speech was mixed to the noise at five different levels,
ranging from −21 to −9 dB SNR in 3 dB steps. To study
the effects of noise suppression on signal ratios, calculations
were performed on noisy speech before and after noise reduction by spectral subtraction. The spectral subtraction implementation [14] in VOICEBOX [15], which uses the minimum statistics method [16] to estimate the noise spectrum,
was utilised.
Intelligibility was addressed by presenting IEEE sentences to a group of 20 listeners at the 5 SNR levels previously mentioned for speech in car noise with and without
noise suppression, while scoring the number of correct keywords in their responses.

ni (t) = nei (t) + nm
i (t),

4. RESULTS

nsi (t) = wu sui (t) + ws ssi (t) + ni (t),

(4)

with nsi (t) representing the noisy speech modulations and
ni (t) representing the noise modulation. Both weights in
(4) may be determined from the correlations between the
unique and shared modulations of clean speech with the
noisy speech envelope. For additive noise, one would expect equal effects on both components, hence stable USSR.
However, non-linear processing could result in different effects for unique and shared speech envelope components and
consequently USSR would change.
We previously labelled the ratio between the speech and
noise modulations as the signal-to-noise ratio in the modulation domain, which is closely related to fidelity to envelope
shape [6]. It is given by:
!
u (t) + w ss (t)]2
[w
s
∑
s
u
t
i
i
. (5)
SNRmod
= 10 log10
i
2
∑t [ni (t)]

(6)

where the e and m superscripts indicate the modulations exclusive and mutual with speech, hence:
nm
i (t) = n̂i (t) = ∑ λ j s j (t),

j 6= i.

(7)

j

The noise modulations that a particular band has in common with speech in other audio bands are found by linear

Figure 1 shows USSR as a function of SNR in the audio band
with a centre frequency of 0.63 kHz. Plots of these functions
in other audio bands exhibit similar behaviour. Open en filled
markers represent USSR levels before and after noise suppression, respectively. From Fig. 1, it emerges that before
noise suppression the unique and shared speech modulations
are deteriorated equally at different SNRs: i.e. additive noise
equally affects both components of the speech envelope. This
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Figure 1: USSR as a function of SNR.
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does not hold for speech envelopes after noise suppression.
In this case USSR is higher, especially at lower SNRs. In
other words, noise suppression appears to deteriorate the coherence of speech.
Figure 2 shows SNRmod
as a function of SNR of SNR,
i
again for the audio band with a centre frequency of 0.63 kHz.
Marker styles conform to Fig. 1. At low SNRs noise reduction removes envelope distortions introduced by the noise,
hence SNRmod
increases after noise reduction. At high SNRs
i
the inverse holds: noise reduction gives rise to additional distortion of speech envelope, already distorted by the noise.
Figure 3 visualizes the speechiness of the noise expressed
in EMNR once again for the audio band with a centre frequency of 0.63 kHz. Marker styles denote processing conditions equivalent to Fig. 1. While applying noise reduction, EMNR reduces, indicating that the fluctuation in the
noise obtain a speech-like character. In contrast to USSR
and SNRmod
, the effect of noise reduction on EMNR varies
i
largely across audio bands.
Figure 4 shows the results of the listening experiment
with word scores represented on the ordinate. In contrast
to most other studies where results are expressed in percentages of words correct, we prefer to display log2 odds, where
odds are the ratio between the number of correct and incorrect responses. We labelled this quantity performance level
with units in Berkson. For psychometric functions that follow a logistically shaped curve, this scale gives rise to a more
linear relationship than the traditional percentage scale. The
right axis reflects percentage values corresponding to the performance levels indicated on the left axis. Curves displayed
in Fig. 4 are known as performance functions. The abscissa
indicates intelligibility as predicted from two speech intelligibility models. Open circles represent the values from traditional SII calculations based on the SNR in all audio bands.
To calculate the SNR after noise reduction, displayed as filled
circles, the attenuation factors were determined on the basis
of the noisy speech signal, while these factors were applied
to the corresponding frames of the speech and noise separately. The long-term average RMS levels of these speech
and noise signals determined the SNRs in the audio bands,
which were subjected to an SII calculation. Squares indicate
the predicted intelligibility based on a measure called SIImod .
Figure 2 shows that the SNRmod
is monotonically related to
i
SNR. Consequently the SNRmod
after
noise reduction can be
i
expressed as an “equivalent SNR” in a particular audio band
before noise reduction. The latter is the SNR before noise
reduction that gives rise to a similar amount of envelope distortion as present in the signal after noise reduction. These
equivalent SNRs were used in subsequent SII calculation,
leading to the SIImod . For speech before noise suppression
SIImod equals SII, hence is not displayed in Fig. 4.
Given an optimal intelligibility model, performance
functions for speech in noise with and without noise suppression should coincide. In that case there exists a oneto-one relation between the predicted and observed intelligibility, independently of the presence of noise suppression.
For predictions based on SII, this is evidently not the case.
Noise reduction removed more energy from the noise than
from the speech, hence increased the apparent SNR. This
resulted in an increase in SII, leading to the prediction that
the intelligibility after noise reduction should increase, while
the observed intelligibility dropped. For predictions based
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Figure 2: SNRmod as a function of SNR.

on SIImod , the one-to-one relationship between observed and
predicted intelligibility appears to hold at high performance
levels, where SNR is high. However at low performance levels SIImod still overestimate intelligibilities.
5. DISCUSSION AND CONCLUSIONS
From the performance functions based on the SII as displayed in Fig. 4, one may conclude that noise suppression
successfully removes more energy from the noise than from
the speech, resulting in a higher SNR per audio band than before noise reduction, and consequently higher SII values. But
unfortunately, these higher SNRs do not result in improved
intelligibility, in contrast to what one might predict from SII
calculations: the intelligibility of speech in noise after noise
reduction is poorly predicted from the long-term average levels of speech and noise.
Figures 2 and 4 suggest that the deleterious effects of
noise suppression on speech intelligibility are largely induced by distortion of the speech envelope. It may be that
envelope distortion results in impoverished consonant identi-

Unfortunately, the current data only allow for a qualitative examination of the effects of USSR and EMNR on
intelligibility. But following (9), it is possible to manipulate the different components independently, which may contribute to the development of an intelligibility model that better accounts for the effects of noise suppression on intelligibility. Such a model could contribute to the development
of noise suppression algorithms that improve intelligibility,
since noise suppressor design and subsequent parameter adjustment could be optimized for a given signal without the
need for time-consuming listening experiments.
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Figure 3: EMNR as a function of SNR.
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fication, particularly important to the intelligibility of speech
in noise [17, 18, 19]. However, based on the SIImod measure, one would predict an increase in intelligibility at low
SNRs - where noise suppression increases SNRmod
- while
i
the observed performance is in fact reduced.
To account for this limitations of SIImod , we introduced
the USSR and EMNR measures. It appears that, at low
SNRs, noise reduction diminishes the coherence in speech,
giving rise to higher USSR values. This could account for
the fact that even at low SNRs, intelligibility is still deteriorated by noise suppression, notwithstanding an increase in
SNRmod
.
i
On the other hand, the fact that the noise obtains a
speech-like character after noise reduction at high SNRs, appears to have little effect on the intelligibility. If the speechiness of the noise had deleterious effects on intelligibility,
one would expect a misfit in the performance functions before and after noise suppression at low and high SNRs, where
the noise after noise suppression has low EMNRs, indicating
a speech like character.
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