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ABSTRACT

Subspace based speech enhancement relies on the decomposi-
tion of the vector space spanned by the covariance matrix of
noisy speech into a noise subspace and a signal subspace, where
the noise subspace is nulled and the signal subspace is modified
by applying a gain function. This gain function is determined
by the eigenvalues of the noise and noisy speech covariance ma-
trix that are typically estimated from the noisy data using a fixed
segmentation. A fixed segmentation often leads to covariance
matrix estimates with an unnecessary high variance or a bias,
because segments are shorter or longer, respectively, than the re-
gion where the noisy data is stationary. To overcome this prob-
lem we present an adaptive time-segmentation algorithm com-
bined with subspace based speech enhancement. As a result,
smearing of speech sounds and musical noise in the enhanced
speech signal are reduced. Experiments show improvements in
terms of segmental SNR of 0.6 dB and symmetrical Itakura-
Saito distortion measure over the use of a fixed segmentation.

1. INTRODUCTION

The growing interest for mobile speech communication systems
over the last years also increased the demand to make those sys-
tems work with acceptable speech quality in acoustically noisy
environments. Removing noise from speech signals before fur-
ther processing (e.g. by a speech coder or recognizer) is one way
to accomplish this. Because of their general applicability, single
microphone speech enhancement techniques are often used to
enhance the quality of speech signals degraded by noise. These
techniques often assume additive noise models, e.g. y = = + n,
with y the noisy speech,  the clean speech and n the noise pro-
cess and furthermore that noise and speech are uncorrelated.
The class of short-time Fourier transform (STFT) enhancement
approaches have received significant interest over the last years [ 1
2], because of their relatively good performance and low com-
plexity. However, in general, STFT enhancement methods lead
to introduction of an unnatural sounding residual noise, often
referred to as musical noise. To reduce the amount of musical
noise, smoothing methods like the decision directed approach [2]
are often utilized.

More recently, subspace based approaches [3] were introduced
and have gained increased interest. In the basic formulation,
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the subspace based approach relies on an additional assumption
of white noise. However, various methods have been presented
that extend the subspace based approach to colored noise cases
(e.g. [3, 4]). The idea of subspace based speech enhancement is
to decompose the vector space spanned by the covariance ma-
trix of the noisy speech signal into a signal subspace and a noise
subspace. The signal subspace contains components of the clean
signal as well as the noise process, while the noise subspace con-
tains noise components only. Enhancement of noisy speech is
performed by first transforming the noisy speech frame by frame
using a Karhunen-Loeve transform (KLT). Then the noise sub-
space is nulled and the signal subspace is modified by applying
a diagonal gain matrix G on the noisy KLT coefficients followed
by an inverse KLT transform. We find the matrix G by,

win |z — Hy3,

with H = UGU# and U the KLT transform. This then leads to
G =1—diag (ga/Ay1, 00/ Ay ) - )

Here I is the identity matrix, Jfl the noise variance and Ay, the
eigenvalues of the noisy speech covariance matrix R,. This im-
plies exact knowledge of the second order statistics of the noisy
speech and the noise. However, in practice exact knowledge of
R, is not available and therefore estimation of the covariance
matrix is necessary. Estimates of R, can be obtained using

. (G+T—-1)K
=g 2

n=(i—-T—1)K+1

VoY, )

with Y;, a K-dimensional vector of noisy speech samples start-
ing at sample n, ¢ the frame number for which the covariance
matrix is estimated and 7" the number of frames from the past
and the future used in the estimation of R,,.

In order to apply (2) a segment of noisy speech is chosen from
which R, is estimated. Each segment may consist of a number
of frames including the frame to be enhanced, as shown in Fig. 1.
In [3], T was fixed at T' = 5, leading to segments with a length
of 11 frames. However, to get good estimates of R,, all vectors
Y., must be chosen from stationary segments. Ideally, segments
should vary with speech sounds: some vowel sounds may be
considered stationary up to 40-50 ms, while stop consonants may
be stationary for less than 5 ms [5]. However, typically a fixed
segment size is used, which has two potential drawbacks. First,
in signal regions which can be considered stationary for longer
time than the segment used, the variance of the covariance es-
timator is unnecessarily large. This results in a larger variance
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Figure 1: Noisy speech signal with frame to be enhanced. In this
example a segment consists of 5 consecutive frames.

of the estimated eigenvalues and, consequently, a larger variance
of the gain function leading to an increased amount of musical
noise. Secondly, if stationarity of the speech sound is shorter
than this fixed segment size, R, is estimated across stationarity
boundaries resulting in a biased covariance matrix estimate. This
leads to blurred speech sound transitions in the enhanced speech
signal.

In this paper, we propose to overcome the above mentioned short-
comings by combining subspace based speech enhancement with
an adaptive time segmentation algorithm as described in [6]. The
adaptive time segmentation determines a segment that reflects
how many terms and which terms should be used within the co-
variance estimator. The combination of an adaptive time seg-
mentation and the subspace speech enhancement approach leads
to reduced musical noise because of a smaller variance of the co-
variance matrix. Further it leads to a reduced amount of speech
distortions because transitions between speech sounds are better
taken care of.

2. ADAPTIVE TIME SEGMENTATION

The segmentation algorithm we propose here is based on a prob-
abilistic framework, where segments are formed based on the
outcome of a hypothesis test. We test the hypotheses whether
two wide sense stationary consecutive sequences of time-samples
can be merged to form one segment or not. Here we regard
sequences of time samples as an outcome of random process
Y and search for sequences that are stationary to a certain de-
gree. In particular, we will use a test statistic based on a nec-
essary condition for stationarity, namely that zero-lag correla-
tion coefficients of the random process must remain invariant
over time. This means that R[0] = E {|V|*}, with R[0] the
correlation coefficient with lag 0, should be constant over time.
Let s1 and sz be two neighboring wide sense stationary seg-
ments, both consisting of independent frames with frame num-
bersi € {n,...,n+no—1}andj € {n 4+ ng,....,n + N — 1}
respectively, and let Ri[0] and R}[0] denote estimates of R[0]
for each such frame. We can view R:[0] and RJ[0] as realiza-
tions of random variables R1 and R, respectively. The two
hypotheses then are:

Hp :  Ri and R have the same distribution
([s1, s2] is considered stationary)

Hi: Riand R2 do not have the same distribution
([s1, s2] is not stationary),

Let R1[0] € R™ and R2[0] € RN ™" be vectors containing
no (iid) realizations of R1 and N — ng (iid) realizations of Ro,

. . . T
respectively and let Ri12[0] = [Rl 07, Ra [O}T} € RN, The

decision between the two hypotheses is made using the likeli-
hood ratio test (LRT) [7],

p(R12[0]| H1)

Reject Hy if ~
p(R12[0]|Ho)

>, 3)

with «y a decision threshold, and p( R12[0]| Ho) and p(R12[0]| H1)
the probability of observing the sequence 12[0] under hypoth-
esis Ho and H; respectively.

From the assumption of independent frames it then follows that
p(R12[0]) = p(R: [0])p(R2[0]). p(Ra[0]) = [T~ p(R1[0])
and p(R2[0]) = Hf:iv 4:”10 p(R3[0]). We will argue that under
certain assumptions the pdfs p(R:[0]) and p(R3[0]) are Gaus-
sian and use the standard procedure of the Generalized LRT [7]
and substitute unknown pdf parameters with their maximum like-
lihood estimates.

2.1. Distribution of 2[0]

The central limit theorem states that the normalized sum of a
large number of mutually independent random variables with
zero means and finite variances tends to the normal probabil-
ity distribution provided that the individual variances o, k =
1, ..., L are small compared to Ele o2 [8]. To determine the
distribution type of R‘[0] we assume that the time samples are
independent random variables (as is commonly done in speech
enhancement [9]). Because R’ [0] can be estimated as

L

R0l = 7 3 v h),

k=1

R [0] is a sum of independent random variables and it follows
then that R[O]Z approaches a Gaussian distribution. Knowing
the distribution of R’ [0], we are now in a position to compute
the likelihood ratio given in Eq. (3).

To verify the above assumed Gaussian distribution of R’ [0], we
show in Figure 2 a comparison between a histogram of R [0]
measured from a synthetic noisy speech signal, and a Gaussian
distribution whose mean and variance are estimated from the
noisy data. The synthetic speech signal was created by filter-
ing an impulse train through a time-invariant LPC-synthesis fil-
ter whose coefficients were extracted from a speech signal. The
pdf was measured by windowing the noisy speech data followed
by computation of R*[0] per window.

2.2. Segmentation Procedure

In principle, to find for a given frame a corresponding segment,
we should perform an exhaustive search over all possible seg-
ments. To avoid this computationally demanding full-search ap-
proach, we propose instead a computationally simpler algorithm
which simulation experiments have shown to lead to the same
performance as the full search algorithm. In Fig. 3 this sim-
plified algorithm is described. Start with a minimum segment
51, which is assumed to be stationary and contains the frame
under consideration (shaded area in Fig. 3). Then extend this
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Figure 2: Measured distribution of R¥[0].

s1 So
5 s D accept H
accept H ( 5 s
D accept H
52
accept H (

.
S1 | 52 |

|
‘ ! ! D reject H
|
l

51

accept H

reject H

|
I time

Figure 3: Segmentation algorithm based on hypothesis.

minimum segment with one frame at a time in an iterative pro-
cess. Whether the segment should be extended with a neighbor-
ing frame is decided using the hypothesis test over sequence s1
and a neighboring sequence s2. We continue this process until
on both sides of s1 Hy is rejected. The final sequence s is con-
sidered as the stationary segment that can be used for smoothing
of the noisy speech power spectrum.

In Fig. 4 we show the result of the above described hypothe-
sis based segmentation algorithm applied to a speech signal de-
graded by white noise at an SNR of 15 dB. In the figure the
original clean speech signal is shown together with the resulting
segmentation. The thick lines mark the frames in which the sig-
nal is divided for enhancement. The thin lines represent for each
frame the corresponding segment that is found by the hypothesis
based algorithm. The speech signal under consideration consists
of four parts. An initial silence part, a transient, ringing after the
transient and a voiced part. We see that frames in the silence and
voiced part have long segments associated which cover respec-
tively the whole silence and voiced part. Frames in the transient
part have rather short segments. This prevents smearing of the
transient. Further the beginning of the voiced part is resolved,
preventing it from smearing into the ringing of the transient.

Combining this adaptive time segmentation algorithm with the
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Figure 4: Example Segmentation. Thick horizontal lines: Dura-
tion of frames. Thin horizontal lines: Corresponding segments.

covariance matrix estimation from Eq. (2) then leads to
(i+Ta—1)K

. 1
Ry, = (T + T2)K >

n=(i—T1—1)K+1

VoY, 4

where T and 75 are determined by the segmentation algorithm.

3. EXPERIMENTAL RESULTS

The presented segmentation algorithm is evaluated by means of
objective experiments. In all experiments the fragments were
sampled at 8 kHz. Frame sizes of 120 samples with 50 per-
cent overlap were used. We use the segmentation algorithm as
a front-end for a subspace based enhancement algorithm with a
gain function as in Eq. (1), where the eigenvalues are determined
with the covariance estimator in (4) and the one in (2), respec-
tively. The rank of the signal subspace was estimated as in [3].
Noisy speech signals are constructed by adding white Gaussian
noise to clean speech signals.

In Fig. 5 the impact of our segmentation algorithm is demon-
strated on a male speech signal. The SNR per frame using sub-
space based speech enhancement combined with an adaptive time
segmentation is compared with subspace based enhancement with
a fixed segmentation. Further, the original clean speech sig-
nal is shown. For the fixed segmentation with 7" = 5, and
for the adaptive time segmentation the threshold + is chosen to
~ = 1087, both leading to optimal segmental SNR. Segmen-
tal SNR is defined as & SN " 101og,, Hz”iijz“z with N the
number of frames [5]. The clean speech signal was degraded
with white noise at an SNR of 10 dB. Performance improve-
ments are especially present where the clean speech signal shows
abrupt changes like transitions between speech sounds, which
means less smearing of speech sounds.

In order to evaluate the objective quality we apply two differ-
ent objective quality measures, namely the averaged segmen-
tal SNR and the symmetrical Itakura-Saito distortion measure
(IS) [10]. Fig. 6 and Fig. 7 show the average segmental SNR
and the average symmetrical Itakura-Saito distortion measure,
respectively, as a function of the input SNR, for subspace based
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Figure 5: SNR per frame after enhancement with subspace ap-

proach based on adaptive time segmentation (solid) and sub-

space approach based on fixed time segmentation (dotted).
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Figure 6: Objective performance in terms of averaged segmental
SNR versus input SNR.

speech enhancement combined with adaptive segmentation, sub-
space based speech enhancement combined with fixed segmen-
tation and the unprocessed noisy speech signal. The results are
averaged over six different signals with a duration of 3-4 seconds
each. Fig. 6 shows an improvement in terms of average segmen-
tal SNR of approximately 0.6 dB across the range of input SNRs.
This is consistent with the results of Fig. 7, where improvement
in terms of symmetrical IS is shown for all input SNRs.
Informal listening tests confirmed that with the adaptive time
segmentation the transitions between speech sounds are sharper
and less distorted.

4. CONCLUSIONS

We presented an improved subspace based speech enhancement
approach using an adaptive time segmentation. The proposed
segmentation algorithm uses sequences of hypothesis tests to
find a segment for a given frame. The segments are used within a
subspace based enhancement algorithm to make better estimates
of the covariance matrix that are then adapted to the underlying
noisy speech signal. In terms of objective quality measures (seg-
mental SNR and symmetrical IS distortion measure) it is shown
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Figure 7: Objective performance in terms of symmetrical
Itakura-Saito distortion measure versus input SNR.

that the proposed scheme improves over the more conventional
fixed segmentation.
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