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Abstract

In this paper, we investigate the validity of the common as-
sumption made in Wiener filtering that the clean speech and
noise signals are uncorrelated under short-time analysis typi-
cally used for speech enhancement. In order to achieve this
we have performed speech enhancement experiments, where
speech corrupted by additive white Gaussian noise is enhanced
by a Wiener filter designed in the time as well as the frequency
domains. Results of oracle-style experiments confirm that the
inclusion of the additivity assumption in Wiener filtering results
in negligible degradation of enhanced speech quality. Informal
listening tests show that the background noise resulting from
time domain enhancement to be more tolerable than the back-
ground noise resulting from frequency domain framework.
Index Terms: Wiener filtering, speech enhancement

1. Introduction
The linear estimation of a desired signal from an observation
that has been corrupted by additive or convolutional noise has
been a classical problem in signal processing. The design of
shift-invariant filters that are optimal in the least-squares sense
was pioneered by Norbert Wiener in 1949 [1]. Commonly re-
ferred to as Wiener filters, these filters can assume various forms
(i.e. non-causal, causal, FIR, IIR, etc.) and, based on the min-
imum mean squared error (MMSE) design framework, can be
used in a number of signal processing applications. These in-
clude: enhancement, smoothing, prediction, and deconvolution.

In the field of speech enhancement, we are interested in the
reduction of additive noise from noise-corrupted speech in or-
der to improve its intelligibility and quality. If the clean speech
is represented as s(n) and the noise signal as w(n), then the
noise-corrupted speech, which is the only observable signal in
practice, can be expressed as:

x(n) = s(n) + w(n) (1)

Various methods have been investigated and reported in the lit-
erature for performing speech enhancement, such as spectral
subtraction [2], MMSE estimation methods [3], Wiener filter-
ing (linear MMSE) [1], Kalman filtering [4], as well as subspace
methods [5].

In the Wiener filtering method for speech enhancement, we
assume that the noise and clean speech signal are wide sense
stationary (i.e. their first and second order statistics are time-
invariant), uncorrelated with each other, and have zero-mean:

E[s(n − j)s(n − k)] = E[s(n)s(n − |j − k|)] (2)

E[s(n)w(n − k)] = 0 (3)

where E[·] denotes the expectation operator. The second as-
sumption of speech and noise being uncorrelated is an important
one since it allows us to compute the cross-correlation, Rsx(k),
between the clean and noise-corrupted speech, knowing only
the second-order statistical properties of w(n) and x(n), as
shown below:

Rsx(k) = E[s(n)x(n − k)]

= E{s(n)[s(n − k) + w(n − k)]}

= E[s(n)s(n − k)] + E[s(n)w(n − k)] (4)

If we expand the first term:

E[s(n)s(n − k)] = E[x(n)x(n − k)] − E[w(n)w(n − k)]

−E[w(n)s(n − k)] − E[s(n)w(n − k)]

Therefore, the cross-correlation formulation in Eq. (4) can be
written as:

Rsx(k) = Rxx(k) − Rww(k) − Rws(k)| {z }
cross-term

(5)

where Rxx(k) and Rww(k) are the autocorrelations of x(n)
and w(n), respectively, and Rws(k) is the cross-correlation be-
tween w(n) and s(n). Making the assumption that the noise
and clean speech signals are zero-mean and uncorrelated, the
cross-term in Eq. (5) disappears, giving us the following addi-
tivity assumption:

Rsx(k) = Rxx(k) − Rww(k) (6)

We should note that this assumption is valid only asymptoti-
cally and applies to infinitely long signals. In practice, because
speech is a non-stationary signal, it is processed using a short-
time analysis framework. For each short-time frame, where
speech is generally assumed to be quasi-stationary, the cross-
term of Eq. (5) need not be equal to zero even when s(n) and
w(n) are zero-mean and uncorrelated. Therefore, the question
that this paper will attempt to answer is how much degrada-
tion occurs as a result of using the additivity assumption under
short-time analysis?

We investigate the validity of the additivity assumption by
performing a series of oracle type experiments, where we know
precisely the clean and noise signals at any point in time. These
experiments will show the effect of the additivity assumption on
the enhancement performance of the Wiener filter. We have also
designed Wiener filters in both the time and frequency domains
to confirm our results as well as to compare the two methods.
The results of the comparison highlighted some objective and
subjective differences between the enhancement performance
of time domain and frequency domain Wiener filtering.
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Figure 1: Block diagram of a Wiener filter for speech enhance-
ment

2. Wiener filters for speech enhancement
Wiener filters can be designed in time domain [6] as well as
frequency domain [7]. In this section, we briefly present the
derivation for finding the optimal Wiener filter coefficients,
h(n), and the optimal frequency response of the Wiener filter,
H(f).

2.1. Derivation of time-domain Wiener filters

Figure 1 shows the block diagram of a Wiener filter that is de-
signed for speech enhancement. The clean speech signal, s(n),
is corrupted by additive noise, w(n), to give the noise-corrupted
speech signal, x(n), as given in Eq. (1). In practice, x(n) is the
only observable signal. We assume the Wiener filter, H(z), is a
finite impulse response (FIR) filter of the following form:

H(z) =

n2X
n=n1

h(n)z−n (7)

The values n1 and n2 are chosen accordingly, depending on
whether the filter is to be causal or non-causal. The mean
squared error between the output of the Wiener filter, y(n), and
the clean speech signal, s(n), is given by:

ε = E

8<
:

2
4

n2X
k=n1

h(k)x(n − k) − s(n)

3
5

29=
; (8)

The goal is to find the filter coefficients, {h(j), j = n1, . . . , n2},
that minimise the mean squared error ε. This can be done by
setting ∂ε

∂h(j)
= 0 for j = n1, . . . , n2. This leads to the follow-

ing set of equations, known as the Wiener-Hopf equations:

n2X
k=n1

h(k)Rxx(j − k) = Rsx(j) for j = n1, . . . , n2 (9)

where Rxx(j) = E[x(n)x(n−j)] and Rsx(j) = E[s(n)x(n−j)].
If we make the additivity assumption, then Rsx(j) is computed
using Eq. (6).

2.2. Derivation of frequency-domain Wiener filters

We rewrite the Wiener-Hopf equation of Eq. (9) as a convolu-
tion with n1 =−∞ and n2 =∞, take the discrete Fourier trans-
form of both sides, and use the Einstein-Wiener-Khintchine
theorem [8] to compute the frequency response, H(f), of the
Wiener filter:

H(f) =
Psx(f)

Pxx(f)

=
Pxx(f) − Pww(f) − Pws(f)

Pxx(f)
(10)

where Pxx(f) and Pww(f) are the power spectral densi-
ties (PSDs) of x(n) and w(n), respectively, and Psx(f) and

Pws(f) are the cross PSDs of s(n) with x(n), and w(n) with
s(n), respectively. Therefore, the output of the Wiener filter in
the frequency domain, Y (f), is given by:

Y (f) =
|X(f)|2 − |W (f)|2 − |W ∗(f)S(f)|

|X(f)|2
X(f) (11)

=
|X(f)|2 − |W (f)|2 − |W ∗(f)S(f)|

|X(f)|
ej∠X(f) (12)

where X(f), W (f) and S(f) are the discrete Fourier trans-
forms of x(n), w(n) and s(n), respectively, and W ∗(f) is the
complex conjugate of W (f). We have also rewritten the output
frequency response in terms of magnitude spectral modification
in Eq. (12).

If we make the additivity assumption, where the speech and
noise signals are zero-mean and uncorrelated, then Pws(f) = 0
and we can re-write Eqs. (10) and (12) as:

H(f) =
Pxx(f) − Pww(f)

Pxx(f)
(13)

Y (f) =
|X(f)|2 − |W (f)|2

|X(f)|
e

j∠X(f) (14)

3. Enhancement experiments
3.1. Experimental procedure

The primary aim of this paper is to investigate the effect of
the additivity assumption on speech enhancement, while the
secondary aim is to compare the time and frequency domain
Wiener filtering for speech enhancement. To achieve the first
aim, we conduct two oracle type experiments where both clean
and noisy speech signals are made available for processing. In
the first experiment (case 1), no additivity assumption is made,
i.e. the cross correlation term in Eq. (5) is kept. In the second
experiment (case 2), the additivity assumption is made, i.e. the
cross correlation term in Eq. (5) is set to zero. To realise the
second aim, we also include a non-oracle experiment (case 3)
with the additivity assumption, where the noise PSD or an au-
tocorrelation is estimated using initial 140 ms of the corrupted
speech signal. We evaluate the above three cases in both time
and frequency domains.

In the time domain framework the signal is divided into
overlapped frames using an analysis window function. Then,
appropriate correlation sequences are estimated for each frame.
This is followed by solving the Wiener-Hopf equation, Eq. (9),
to obtain the coefficients of the optimal filter. The Wiener filter
is then applied to a middle block of each frame. The duration of
the middle block equals the frame shift. The output is formed
by concatenation of the filtered blocks.

The frequency domain framework employs analysis-
modification-synthesis (AMS) procedure commonly used in
speech processing. The speech signal is processed frame wise
using short-time Fourier analysis [9]. The short-time Fourier
transform (STFT) of the noisy speech is then filtered using
H(f).1 The modified STFT is used to synthesise the output
signal using overlap-add method [9].

In order to make the comparison between Wiener enhance-
ment in time and frequency domains meaningful, we ensure that

1Because we use short-time power spectral estimates in Eq. (13), the
H(f) can become negative. For this reason, in our experiments, we use

its half-wave rectified version, H(f) = max
n
0,

Pxx(f)−Pww(f)
Pxx(f)

o
.
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the corresponding parameters are consistent across the two ap-
proaches. The frame duration is set to 35 ms with a frame shift
of 5 ms. The Hamming window is used as the analysis window.
In the AMS procedure the FFT length is set to 1024. The effect
of the filter order, M, for time domain Wiener filter is investi-
gated from 5 to 150 in steps of 5.

3.2. Speech corpus and noise type

In our evaluations we use the NOIZEUS2 speech corpus [10].
NOIZEUS is composed of 30 phonetically-balanced sentences
belonging to six speakers (three males and three females). The
corpus is sampled at 8 kHz and filtered to simulate receiving
frequency characteristics of telephone handsets. The NOIZEUS
corpus comes with non-stationary noises at different SNRs. For
our purposes, we use the clean speech part of the corpus and
generate corresponding noisy sets by adding artificial white
Gaussian noise at four SNR levels, 0 dB, 5 dB, 10 dB, and 15
dB. Spectrograms of clean speech and the corresponding noisy
speech at 0 dB SNR, of an utterance from the NOIZEUS corpus,
are shown in Fig. 2(a) and Fig. 2(b), respectively.

3.3. Evaluation methods

For evaluation purposes we employ an objective speech quality
measure, namely the Perceptual Estimation of Speech Quality
(PESQ). The PESQ algorithm [11] is a fusion of two other per-
ceptually motivated objective speech quality measures: PAMS
and PSQM99. PESQ produces robust estimates of speech qual-
ity in the presence of a wide range of noise types, including the
background noise used in our experiments. PESQ prediction
maps Mean Opinion Scores (MOS) to a range between -0.5 and
4.5, where 1.0 corresponds to bad and 4.5 corresponds to dis-
tortionless. In our evaluation we compute mean PESQ scores
over the entire NOIZEUS corpus. We also compute the corre-
sponding mean SNR values. In addition to the above measures
we employ informal subjective listening tests as well as spec-
trogram analysis.

4. Results and discussion
The mean SNR and PESQ scores are shown in Fig. 3. The re-
sults show that the loss of speech quality due to the additivity
assumption between cases 1 and 2 is negligible. This means that
even though under short-time analysis the cross term of Eq. (5)
need not be zero we can discard it without significant deteriora-
tion to the quality of enhanced speech.

Both measures show that, for cases 1 and 2 in time domain,
increasing the filter order results in an improvement in speech
quality, Fig. 3(a) and Fig. 3(b). However, this trend is quite
opposite for case 3. This may be attributed to unreliable auto-
correlation estimates at higher lags, as well as to the fact that
estimation from relatively few autocorrelation coefficients re-
sults in smoothed noise PSD.

The results of spectrogram analysis are shown in Fig. 2.
The differences in the background noise resulting from en-
hancement using time and frequency domain implementations
are apparent when comparing Fig. 2(g) and Fig. 2(h). To sub-
jectively evaluate these differences informal listening tests were
conducted.3 The listeners indicated preference for the time do-

2NOIZEUS is publicly available at
http://www.utdallas.edu/�loizou/speech/noizeus/

3NOIZEUS sp10.wav speech file was used at 0 dB SNR. For the
time domain framework, the filter order was set to M=10.

main filtering. They commented that the background noise re-
sulting from frequency domain filtering was an ‘annoying’ mu-
sical noise, and the noise resulting from the time domain en-
hancement was ‘less distracting’ and ‘easier to ignore’. On
the other hand, the actual speech quality was better for fre-
quency domain filtering. The listeners described it as ‘natural’,
whereas for time domain enhancement (for M=10) the speech
sounded ‘harsh’ and ‘distorted’. The above observations can be
explained by relatively few autocorrelation coefficients used in
noise estimates for time domain implementation at low filter or-
ders. As a result the noise estimates are smooth, with next to
no variance. In contrast the noise PSD estimates for frequency
domain filtering have high variance, which contributes to strong
musical noise in the enhanced speech.

5. Conclusion
In this paper, we have investigated the effect of the additiv-
ity assumption on Wiener filtering under short-time analysis.
We have found it to be a reasonable assumption since it re-
sults in a negligible loss of speech quality. We have also com-
pared Wiener filtering speech enhancement frameworks in time
and frequency domains. For the time domain cases 1 and 2
we found longer filter lengths resulted in higher speech quality
while lower orders performed best for case 3. Based on in-
formal listening tests we have found the background noise re-
sulting from time domain enhancement (for case 3) to be more
tolerable than the background noise resulting from frequency
domain framework. In this work we have presented the results
for additive white Gaussian noise. The results for other noise
types will be presented as part of a future publication.
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Figure 2: Spectrogram of NOIZEUS utterance (sp10.wav), “The sky that morning was clear and bright blue”, belonging to a male
speaker: (a) clean speech; (b) noisy speech at 0 dB SNR; (c) time domain enhancement, case 1, filter order M=10; (d) frequency
domain enhancement, case 1; (e) time domain enhancement, case 2, filter order M=10; (f) frequency domain enhancement, case 2; (g)
time domain enhancement, case 3, filter order M=10; (h) frequency domain enhancement, case 3.
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Figure 3: Mean SNR and mean PESQ results: (a) mean SNR as a function of filter order M, noisy speech SNR=0 dB, time domain; (b)
mean PESQ as a function of filter order M, noisy speech SNR=0 dB, time domain; (c) mean SNR as a function of noisy speech SNR,
filter order M=10, time domain; (d) mean PESQ as a function of noisy speech SNR, filter order M=10, time domain; (e) mean SNR as
a function of noisy speech SNR, frequency domain; (f) mean PESQ as a function of noisy speech SNR, frequency domain.
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