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Abstract

DFT domain based noise reduction algorithms can be effective
for noise reduction in various speech processing applications. In
general these algorithms apply a noise-PSD dependent estimator
to the noisy speech DFT coefficients in order to estimate the clean
speech DFT coefficients. Since the noise PSD is unknown in ad-
vance, estimation is one of the crucial elements of such a noise
reduction system. In this paper we discuss a method for estima-
tion of the noise PSD while both speech and noise are present.
This method is based on DFT domain based subspace decompo-
sitions of noisy correlation matrices that are estimated per fre-
quency bin in the DFT domain. The proposed algorithm shows
increased tracking performance of the noise PSD in comparison
to minimum statistics. Further, listening tests show a preference
for the proposed method over MS.

1 Introduction

The presence of ambient noise is an important problem for var-
ious human-to-human as well as human-to-machine speech pro-
cessing applications. For reduction of ambient noise in the single-
microphone context the class of discrete Fourier transform (DFT)
based methods has attracted an increased interest recently. This
is partly due to its low computational complexity, relatively good
performance as well as its ease in conceptual understanding. A lot
of attention has been paid on the derivation of clean speech DFT
estimators, see e.g.[1][2][3][4]. A common property of these
estimators is that they are all based on assumed knowledge of
the noise power spectral density (PSD). However, in practice the
noise PSD is unknown and needs to be estimated. Estimation of
the noise PSD density is therefore a crucial part of a noise re-
duction system. An overestimation of the noise PSD will lead in
general to over-suppression and, as a consequence, to a potential
loss of speech quality, while an underestimation will lead to an
unnecessary high level of residual noise.

An algorithm which is among state-of-the-art for noise track-
ing is minimum statistics [5] (MS). This method exploits the
property that the minimum power level in a particular frequency
bin seen across a sufficiently long time interval is due to the noise
process. From this minimum the average noise power can be es-
timated. The size of this time interval turns out to be crucial for
the noise tracking performance. If the time window is chosen too
short and speech energy is constantly present in the search win-
dow, MS will overestimate the noise level. If, on the other hand,
the time window is chosen too long, changes in the noise power
level can only be tracked with a large delay.

Recently we proposed a new method for noise tracking,
which shows significant improvements over minimum statistics
based approaches in terms of noise-PSD tracking performance
[6]. The advantage of the method proposed in [6] over minimum
statistics is that it allows to update the noise PSD for each DFT
coefficient when both speech and noise are present. Obviously
this is not possible with MS based methods, since these methods
rely on the assumption that part of the search window consists
of noise-only samples. The proposed method is based on con-
struction of correlation matrices from time series of noisy DFT
coefficients seen in a particular frequency bin. These correlation
matrices can be decomposed using an eigenvalue decomposition
into two sub-matrices of which the columns span two mutually
orthogonal vector spaces, namely a signal (+ noise) subspace and
a noise-only subspace. Because the speech signal seen in such a
frequency bin across time can often be described by a low rank

model, the signal subspace will be of low dimension. The eigen-
values that describe the energy in the noise-only subspace then
allow for an update of the noise statistics, even when speech is
constantly present. In this paper we further elaborate on the noise
tracking method recently proposed in [6] and further motivate the
assumptions that are made in the signal subspace dimension esti-
mator that is used. We show by means of listening experiments
that the proposed method for noise tracking is preferred over MS.

2 DFT Subspace Decompositions

The proposed noise PSD estimation algorithm aims at the situa-
tion where speech is degraded by additive noise, i.e.

Y(k,i) = X(k,i)+ D(k,i),
where Y, X and D are a noisy speech, clean speech and noise DFT
coefficient, respectively and k and i indicate the frequency-bin
and the time-frame index, respectively. The DFT coefficients Y,
X and D are assumed to be complex zero-mean random variables
and X and D are assumed uncorrelated, i.e., E[X (k,i)D(k,i)] =0,
Y (k,i).

The proposed method is based on subspace decompositions
of noisy speech correlation matrices in the DFT domain. DFT
coefficients are collected per frequency bin for time frames i — p;
up to frame i+ p, and form a vector Y (k,i) € CM with M =
p1+p2+ 1. Thatis,

Y (ki) = [Y(kyi— p1),os Y (ki 4 p2)] T )

Let Ry (k,i) € CM*M be the noisy speech correlation matrix re-
lated to frequency bin k and time frame i defined as

Ry (k,i) = E | Y (ki)Y (k,i) |, )

where H indicates Hermitian transposition. Similarly we define
the speech correlation matrix Ry (k,i) € C¥*M and the noise

correlation matrix Rp(k,i) € CM*M_ Using the assumption that
speech and noise are uncorrelated we can write

Ry (k,i) = Ry (k,i) + Rp(k,i). 3)

Let us further assume that the noise DFT coefficients in D(k, i)
are uncorrelated, that is

Rp(k,i) = op(k, i)y )

Strictly speaking, this is only true when frames do not overlap
and the correlation time of the noise is small enough. In case
of overlapping frames this assumption will be violated, which
can be overcome by applying a pre-whitening transform, as we
describe in Section 3.

Let Ry(k,i) = UAxU" denote the eigenvalue decompo-
sition of the clean speech correlation matrix related to a fre-
quency bin k and time frame i. Here, U € CM*M s a uni-
tary matrix and contains the eigenvectors as columns and Ay =
diag (Ax, .., Ax,,0,...,0), Q < M, a diagonal matrix with the
eigenvalues Ay, > Ay, > ... > ;LXQ > 0 on the main diagonal.
Using Egs. (3) and (4) we can write the eigenvalue decomposi-
tion of Ry (k, i) as Ry (k,i) = U (Ax + 631y ) U ie., Ry (k,i),
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Ry (k,i) and Rp(k,i) have the same eigenvectors and the eigen-
values add up.

The eigenvector matrix U can be partitioned as U = [U, U],
where the columns of U; € C”*€ form a Q-dimensional ba-
sis for the signal (+ noise) subspace and the columns of U; €
CM*M=0 form a basis for the noise-only subspace. When Q < M,
i.e., for a low dimensional signal subspace, the eigenvalues in
the noise-only subspace can be used to determine the noise PSD
o5 (k,i). An assumption that we exploit for noise tracking is that
the clean speech correlation matrix Ry (k,7) is in many cases of
low rank, e.g., for the voiced speech sounds.

As the proposed noise tracking method is based on
an eigenvalue decomposition of Ry(k,i), which is un-
known in practice, Ry(k,i) needs to be estimated, e.g.,
by Ry(k,i) = Y(k,i)Y? (k,i), with Y € CM*L a Hankel-
structured data-matrix with [y(k,i —ny), ..., y(k,i—ny +M —1)]"
and [y(k,i—ny),...,y(k,i—ny +L—1)] its first column and row,
respectively, where the small letters y indicate realizations of the
random variable Y.

Let Ay, be an eigenvalue of an estimated covariance matrix.

Given the eigenvalue decomposition of Ry(k7 i), it can be shown
[6] that under certain assumptions the maximum likelihood esti-

mate of the noise PSD is given by 63 (k,i) = ﬁ Z?iQH Ay,

2.1 Model order estimation

A crucial part in the estimation of G,%(k, i) from estimated correla-

tion matrices Ry (k,i) is to determine the model-order Q. This is
a well-known problem for large data-records, see e.g. [7]. How-
ever, when, as in our case, Ry (k,i) is estimated based on very
little data, existing model order estimators lead to inaccurate es-
timates of Q.

To estimate the signal subspace dimension Q based on small
data records we consider an alternative approach for signal sub-
space model order estimation, where we exploit the fact that
some a priori information of the noise PSD is present. At first
we use the fact that the estimated noise PSD from the previ-
ous frame gives a rough estimate of the current noise PSD. Sec-

ondly we assume that the eigenvalues of Ry (k,i) that correspond
to the noise-only subspace have an exponential distribution, say
fa,(Ap) with its first moment equal to the a priori known noise
PSD, i.e., the noise PSD estimate of the previous frame. We can-
not mathematically show that the distribution of noise-only eigen-
values is truly exponential. However, the reasoning behind this
assumption is that the Toeplitz matrix Ry (k,i) is in its dimension
asymptotically equivalent to a circulant matrix [8]. A circulant
matrix is diagonalized by the DFT and the resulting sequence of
eigenvalues are then under these asymptotical conditions equal to
the PSD. Using the periodogram as an estimator for the PSD it
is known that under the assumption that the complex noise DFT
coefficients are Gaussian distributed the periodogram at a certain
frequency bin is exponentially distributed. Subsequently it can be
reasoned that under these asymptotic conditions the distribution
of noise eigenvalues of an estimated correlation matrix can be ap-
proximated by an exponential distribution. To verify whether an
exponential distribution is indeed a reasonable approximation of
the distribution of noise eigenvalues we conducted an experiment
where we compare measured histograms of noise eigenvalues to
an exponential density. To do so, we first generate estimates of
Rp(k,i) for a frequency bin centered around 1.56 kHz. For esti-
mation of Rp(k,i) we use the same parameter settings as in the
experimental results in Section 4,i.e., M =L =7,n; =np =6 and
DFT coefficients that are used to estimate Rp(k, ) are computed
based on time frames taken with an overlap of 87.5 %. Then an
eigenvalue decomposition is applied on the estimated noise cor-
relation matrices f{D(k,i). The resulting noise eigenvalues are
collected and used to generate a histogram. This procedure is per-
formed for three different (rather stationary) noise sources; white
noise, car noise and F16 noise. In Fig. 1 the three histograms are
shown and are compared to an exponential distribution. Clearly,
for all three noise sources the exponential distribution shows a
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Figure 1: Comparison between exponential distribution and

measured histograms of noise eigenvalues for three different
noise sources.

good fit.
Finally, the signal subspace dimension Q is determined. How

many of the M eigenvalues iy[, with [ € {1,...,M}, belong to the
signal subspace is decided based on the probability that observing

an eigenvalue equal or larger than iyl is smaller than a pre-chosen
probability P,;,, that is

'+DQ
/;1 Sap(AD)dAD < Pin. 5)
Y

2.2 Bias compensation of 63 (k,i)

A signal subspace dimension dependent bias compensation factor
B(Q) is introduced to overcome a bias in 63 (k, i) due to consis-
tent over or underestimates of Q, that is

1 1 Mo
63 (k,i) = —— Ay (k,i 6
GD( 71) B(Q) (M—Q) lfgil Yl( 71)7 (6)
with ]
E |t SM o Ay (ki)
P =gy #i=0+17 1\
B(Q) = c,%(k, ) . @)

The argumentation that we use to define the bias compensation
factor is similar to the one introduced in [9] and based on the fact
that (712) is proportional to

1

E

M A .
0-0), %, (k")} | ®

In order to compute the bias compensation factor B(Q), for
0=0,1,...,M, we approximate Eq. (7) by making use of a train-
ing procedure based on speech data degraded by white noise with
a known variance 63 (k,i) = 1V (k,i). Let B(k,i) be defined as

1 M 2 .
~ M—0 2 = )L 1 (k7 l)
Blki) — M@ (ly Z%Q(;;‘i) nny ©)

Let Q(Q) be the set of time-frequency points in the training data
for which the signal subspace dimension is estimated to be Q.
B(Q), 2 =0,1,....,M, is then computed by averaging B(k,i) over
the set Q(Q) leading to

1
B(Q) = 1Q(0)| (k,i)g@(g)

where |Q(Q)]| is the cardinality of the set Q(Q).
The values for B are, dependent on Q and the exact settings
of the algorithm, typically in de range from 1 to 2.

[B(k,i)], (10)
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3 Pre-Whitening

Estimation of O'ZZ) according to Eq. (6) is strictly speaking only
valid as long as Eq. (4) holds. In a practical setup where
time frames might have an overlap this is not the case and
pre-whitening of Ry is necessary. Since pre-whitening implies
knowledge of the yet unknown noise PSD, we indicate in this
section how an approximated correlation matrix Rp can be ob-
tained for pre-whitening.

Let D;(m) denote a time domain noise sample considered as
arandom variable and let P denote the frame shift in samples. Let
Rp(k,i; p) denote the correlation between a noise DFT coefficient

D(k,i+ p) and D(k,i) with frame lag p and let D(k,i) denote
complex conjugation of D(k,i). It can then be shown [6] that the
correlation Rp (k, i; p) between noise DFT coefficients D(k,i+ p)
and D(k,i) can be written as

E[D(k,i+ p)D(k,i)]

K—1 )
( 3 Dy(m+ <i+p>P>ef2”km/K>

m=0

Rp(k,i;p) =

= F

K—1
X 2 D, (n+ iP)e—i2mkn/K
n=0
' K-1
—  2TkPPIK Y [\D,(m+iP)|2] Re(k, i p)
m=pP

Rp(k,isp)

We conclude that the correlation Rp(k, i; p) consists of two com-
ponents; a term Rp(k,i; p) and a term Rc(k,i; p). Re(k,i; p) con-
tains all the cross-terms and is dependent on the cross-correlation
between the time samples. In general it holds that Re(k, i; p) de-
creases for increasing P. Also, the shorter the correlation time
in the noise, the smaller R¢(k, i; p) becomes. For Rp(k,i; p) with
p > 0 it follows from Eq. (3) that that even if the time domain
process Dy(-) is completely uncorrelated Rp(k,i;p) # 0, unless
frames are non-overlapping, i.e. P > K — 1.

Let Rp(k,i) denote a Toeplitz matrix with
[Rp(k,i;0),...,Rp(k,i; p)]T its first column and
[Rp(k,i;0),...,Rp(k,i;—p)] its first row. Whitening of Y (k,i)
can be performed by computing Y . (ki) = RBl/z(k,i)Y(h i)
with RBI/Z(k7 i) the principle square root of Rl_)1 (k,i).

Unfortunately, in practice, matrix Rp(k,i) is unknown. Us-
ing simulations with white noise training data we can estimate
Rp(k,i; p) for a given overlap. The term R¢(k,i; p) is dependent
on the correlation in the noise signal itself and is in general un-
known. Simulations on various noise sources have shown that
the influence of R¢(k,i;p) is rather small compared to the in-
fluence of Rp(k,i;p) [6]. In practice we will therefore neglect
the correlation term R¢(k,i; p) because of its little influence and
use Rp(k,i;p) computed on white noise with a given overlap to
whiten Y (k, 7). Although this is an approximation it is sufficient
for many noise types [6]. We thus use the approximated correla-
tion matrix Rp (k,i) and compute

Y pre(ki) = Ry (k,1) Y (). (11)

Notice, that when 65(/{, i) is estimated in the whitened domain, it

. . Rp(k,i
has to be corrected with a scaling factor W
to the whitening transform.

, which is due

4 Experimental Results

For performance evaluation we compare the proposed method
with the minimum statistics based noise tracking algorithm im-
plemented as described in [5]. The speech and noise signals orig-
inate from the Noizeus [10] database. This database was extended
with stationary computer generated white Gaussian noise, noise
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Figure 2: a) Noisy speech signal degraded by non-stationary

train noise at an overall input SNR of 5 dB. b) Comparison be-

tween proposed method and minimum statistics.

originating from a passing train and non-stationary white Gaus-
sian noise, respectively. All signals are filtered at telephone band-
width and sampled at 8 kHz. The noisy time domain signals are
divided in frames of 256 samples with 50 % overlap. For both
analysis and synthesis a square-root Hann window is used. The
DFT coefficients that are used to form the data-matrix Y originate
from time frames taken with an overlap of 87.5 %. The dimen-
sions of Y were chosen as M = L =7 and n; = np = 6. The
estimated noise PSDs 612)(k, i) are smoothed using an exponential
smoother with adaptive smoothing factors [5].

To illustrate the noise tracking performance of the proposed
approach within a typical example of noisy speech, we concate-
nated four speech signals and degraded this by noise originating
from a passing train at 5 dB global SNR. In Fig. 2 the estimated
noise PSDs are shown for the proposed approach and the MS
approach together with the true noise variance for a single fre-
quency bin &£ = 20. This bin index corresponds to a frequency
band centered around 625 Hz. The proposed approach follows
the increase in the noise level with a much smaller delay than the
minimum statistics approach. This is due to the fact that the pro-
posed approach can in contrast to MS track changes in the noise
level during speech presence and continiously updates the noise
PSD estimate. When the noise level decreases we see that both
methods track approximately equally well. This difference in be-
havior of minimum statistics towards increasing and decreasing
noise levels is due to the fact that MS tries to find the minimum.
For a decreasing noise level the minimum will in general be found
among the most recent samples in the search window resulting in
a much smaller additional delay for decreasing noise levels than
for increasing noise levels.

In Fig. 3 another example is shown where the same speech
signal is degraded by non-stationary white noise. This noise
source is created synthetically. Its initial noise level is 10 dB and
then gradually increases in one second by 15 dB where it stays at
that level for 2 seconds after which it decreases again by 15 dB in
one second. We again see that the proposed approach tracks the
increase in noise level much faster than the MS approach.

In order to evaluate the perceptual impact of the proposed
noise tracking algorithm on speech enhancement performance
we use the estimated noise PSDs for both the proposed approach
and MS within a typical DFT domain based noise reduction al-
gorithm and evaluate the performance by means of a listening
test. The noise reduction scheme that we use is depicted in Fig.
4 and works on a frame-by-frame basis, where per frame the
clean speech DFT coefficients are estimated. As estimator we use
the MMSE magnitude estimator under the generalized Gamma
model as presented in [4] with Y =2 and v = 0.1. The maximum
suppression was limited to 0.1 for perceptual reasons. For a pri-
ori SNR estimation we use the decision-directed (DD) approach
[1].

The listening test that we perform is a so-called OAB test
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Figure 3: a) Noisy speech signal degraded by non-stationary
white noise. b) Comparison between proposed method and min-
imum statistics. The estimated noise levels are shown for bin
k =20.
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Figure 4: Blockdiagram of DFT-domain based enhancement al-
gorithm.

with 8 participants, the authors not included. Here, O is the orig-
inal clean speech signal and A and B are two noisy signals that
are enhanced using the scheme in Fig. 4 with two different noise
tracking algorithms. Method A uses the proposed noise track-
ing method, and method B uses the minimum statistics approach.
The listeners were presented first the original signal followed by
the two different enhanced signals A and B played in random or-
der. The participants had to indicate their preference for excerpt
A or B. Each series was repeated 4 times, with each time a ran-
domized order of the signals A and B. In this listening test we
used four different types of additive noise at two different SNRs,
namely, white noise, street noise, noise originating from a passing
train and non-stationary white noise at SNRs of 5 dB and 15 dB.
For each noise type and noise power level we presented the listen-
ers two female sentences and two male sentences. The average
preference for method A under each test condition is shown in
Table 1. Under all test conditions the proposed method for noise
tracking was preferred over the minimum statistics approach.

5 Concluding Remarks

In this paper we discussed a DFT-domain based approach for
noise tracking. This method exploits the fact that often speech
signals observed in a frequency bin across time can be consid-
ered to be of low-rank. To estimate the noise PSD, correlation
matrices are constructed in the DFT domain per time-frequency
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noise source | input SNR || mean score
for method A

white 5dB 82.0 %
noise 15dB 85.9 %
street 5dB 77.3 %
noise 15dB 67.2 %
passing 5dB 77.3 %
train 15dB 922 %
Non-stat. 5dB 96.1 %
white noise 15dB 89.1 %

Table 1: Listening test results.

point and decomposed into a signal subspace and a noise-only
subspace. The noise PSD is updated whenever the signal sub-
space is not of full rank. A crucial parameter in this noise track-
ing algorithm is the dimension of the signal subspace. To estimate
this parameter certain assumptions are made on the distribution of
noise eigenvalues. By means of histograms measured on several
noise sources it was shown that the use of an exponential distribu-
tion is a good approximation of the noise eigenvalue distribution.

The presented noise tracking method is compared to mini-
mum statistics and shows faster, almost immediate, tracking of
changing noise statistics. In a listening test the proposed method
was compared to minimum statistics, which demonstrated that
under all test conditions the proposed method was preferred over
minimum statistics.
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