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Adaptive Time Segmentation for Improved
Speech Enhancement
Richard C. Hendriks, Richard Heusdens, and Jesper Jensen

Abstract—Single-channel enhancement algorithms are widely
used to overcome the degradation of noisy speech signals. Speech
enhancement gain functions are typically computed from two
quantities, namely, an estimate of the noise power spectrum and
of the noisy speech power spectrum. The variance of these power
spectral estimates degrades the quality of the enhanced signal and
smoothing techniques are, therefore, often used to decrease the
variance. In this paper, we present a method to determine the noisy
speech power spectrum based on an adaptive time segmentation.
More specifically, the proposed algorithm determines for each
noisy frame which of the surrounding frames should contribute
to the corresponding noisy power spectral estimate. Further,
we demonstrate the potential of our adaptive segmentation in
both maximum likelihood and decision direction-based speech
enhancement methods by making a better estimate of the a priori
signal-to-noise ratio (SNR) . Objective and subjective experiments show that an adaptive time segmentation leads to significant
performance improvements in comparison to the conventionally
used fixed segmentations, particularly in transitional regions,
where we observe local SNR improvements in the order of 5 dB.
Index Terms—Adaptive time segmentation, a priori signal-tonoise ratio (SNR), decision directed approach, hypothesis test,
speech enhancement.

I. INTRODUCTION

T

HE NEED for single-channel enhancement of speech signals degraded by noise arises frequently, e.g., in mobile
communication applications. Within single-channel speech en,
hancement, the noise is often assumed additive, i.e.,
with the noisy speech signal, the clean speech signal, and
the noise realization. Further, it is common to assume that
the clean speech signal and the noise process are uncorrelated.
Recently, enhancement methods based on short-time spectral
analysis (STSA) have received significant interest, partly due to
their relatively good performance and low computational complexity. These methods transform the noisy speech signal frame
by frame to the spectral domain, e.g., using a discrete Fourier
transform (DFT). Here, complex-valued DFT coefficients of the
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clean signal are estimated by applying a gain function (e.g.,
the Wiener gain [1] or LSA gain [2]) to the noisy DFT coefficients. Subsequently, enhanced time-domain frames are generated using the inverse DFT and the enhanced waveform is constructed by overlap-adding the enhanced frames.
Gain functions are typically computed from two quantities,
and
namely, an estimate of the noise power spectrum
of the noisy speech power spectrum
, where and
denote the frequency bin index and the time-frame index. The
gain function can directly be expressed in terms of those two
quantities, e.g., as done in the class of spectral-subtraction algorithms, e.g., [3], or indirectly using the definition of the a priori
signal-to-noise ratio (SNR)
, e.g., [4], with
the clean speech power spectrum at frequency bin
and
time-frame . However, in both situations, it is necessary to
estimate the power spectrum of the noisy speech as well as
the power spectrum of the noise process. While the problem
of estimating and tracking the noise power spectrum in speech
presence has received significant interest recently [5], methods
for accurate estimation of the noisy speech power spectrum
appear to have been less explored. A classical method to estimate the noisy speech power spectrum is the periodogram,
, where
is a Fourier coefficient
computed as
of noisy speech. However, the periodogram estimator suffers
[6]. To reduce
from a variance of
the variance of the estimated noisy speech power spectrum,
smoothing methods, e.g., the Bartlett method [6], can be used.
The Bartlett method computes an estimated (smoothed) power
consecutive
spectrum by averaging periodograms of, say
frames, hereby decreasing the variance of the power spectrum
[6]. However, the decrease in variance
estimate by a factor
comes with a side effect: the frequency resolution is decreased
as well. With the Bartlett estimate each segment may consist
frames including the frame to be enhanced, as shown in
of
Fig. 1.
In Boll’s work on spectral subtraction [3], the Bartlett method
was used across segments consisting of three frames located
symmetrically around the frame to be enhanced. Although this
leads to a significant decrease in variance, this approach has a
number of disadvantages. First, the position of the segment with
respect to the underlying noisy frame that needs to be enhanced
is predetermined. However, if the onset of a speech sound is not
aligned with the start of the segment, the onset will definitely
be smeared or blurred. Second, 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 [7]. A fixed segment size, as used in Fig. 1, has
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Fig. 1. Noisy speech signal with frame to be enhanced. In this example, a segment consists of five consecutive frames.

two potential drawbacks. First, in signal regions which can be
considered stationary for longer time than the segment used, the
variance of the spectral estimator is unnecessarily large. Second,
if the stationarity of the speech sound is shorter than this fixed
segment size, smoothing is applied across stationarity boundaries resulting in blurring of transients and of rapidly-varying
speech components [8], leading to a degradation of the speech
intelligibility.
In [8], a method was presented to overcome the above described problems using an adaptive exponential smoother. The
amount of smoothing was adapted to the underlying speech
process using a stationarity measure based on spectral derivatives measured over two consecutive frames.
In this paper, we propose a different approach to overcome
the above mentioned problems, namely, an adaptive time segmentation. The proposed segmentation algorithm is very general. It can work as a front-end for most existing speech enhancement systems and is independent of the particular suppression rule (e.g., Wiener, LSA, etc.) that is used in the enhancement algorithm. To be more specific, the proposed method determines which noisy speech data should contribute in the estimation of the noisy speech power spectrum for a given frame,
. We then use the estileading to better estimates of
within either the maximum likelihood approach
mated
[3], [4], or the decision directed (DD) approach [4] to estimate
, which can be used to define STSA gain
the a priori SNR
compared to
functions. This leads to better estimates of
conventional systems without adaptive segmentation. Furthermore, combining the DD approach with an adaptive segmentation will result in better approximations compared to what is
currently used in practical implementations [4], [9]. Moreover,
STSA gain functions based on this improved estimate of
lead to a decrease of residual noise and speech distortions in the
enhanced signal.
The remainder of this paper is organized as follows. In
Section II, we present an algorithm to determine an adaptive
segmentation for speech enhancement. In Section III, we show
that this adaptive segmentation leads to improved estimates of
. Further, we show how to use this estimate to improve
the maximum likelihood and DD approach for speech enhancement. In Section IV, we evaluate the presented segmentation
methods by means of subjective and objective experiments. In
Section V, conclusions are drawn.

Fig. 2. (a) Clean speech signal. (b) Noisy speech signal with SNR of 10 dB.
(c) Enhanced noisy speech using an adaptive segmentation. (d) Enhanced noisy
speech using a fixed segmentation. (sample frequency is 8 kHz).

II. ADAPTIVE TIME SEGMENTATION
To illustrate the impact of an adaptive segmentation within
a speech enhancement context, we show in Fig. 2 an example,
where we compare time domain waveforms of a noisy speech
signal enhanced using an adaptive segmentation and a fixed segmentation, respectively. Fig. 2(a) shows the clean speech signal
that contains a stop consonant. Fig. 2(b) shows the noisy speech
signal (white Gaussian noise) at an SNR of 10 dB. Fig. 2(c)
shows the enhanced signal using a Wiener filter where the noisy
speech power spectrum was estimated using a Bartlett estimate
with an adaptive segmentation. For ease of illustration, the adaptive segmentation was here found under an ideal situation (i.e.,
using the clean speech signal). The adaptive segmentation that
is used is shown in Fig. 2(c), where the thick lines mark the location of the signal frames, and the thin lines the adaptive segments
that are used to estimate the noisy speech power spectrum for
each frame. Fig. 2(d) shows the enhanced speech signal using a
fixed segmentation. Comparing Fig. 2(c) and Fig. 2(d), it is clear
that with the fixed segmentation in Fig. 2(d), the enhancement
leads to a pre-echo present in front of the transient. With the
adaptive segmentation in Fig. 2(c), no pre-echoes are present,
because segments are adapted to the speech signal.
Our goal in this section is to develop an adaptive segmentation
algorithm that finds for each frame a corresponding segment
containing noisy speech samples and which can be assumed
roughly stationary. We see that the segments found in this way
depend on both speech and noise statistics. For a completely
stationary noise source, the resulting segments will be decided
by the stationary regions of the speech signal only, while if the
noise is nonstationary as well, the resulting segments will generally become shorter in order to ensure stationarity of both speech
and noise within each segment. To find an adaptive segmentation based on the noisy speech signal, we propose here a segmentation algorithm based on a probabilistic framework. The
segments, used for estimation of the noisy power spectrum for
a given frame, are formed based on the outcome of a hypothesis
test. We test the hypotheses whether two consecutive sequences
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of time-samples should be merged to form one segment or not,
by regarding the sequences as outcomes of random processes
and search for sequences that are stationary to a certain degree.
In particular, we will use a test statistic based on a necessary
condition for stationarity, namely that zero-lag correlation coefficients of the random process

where
is the correlation coefficient with lag 0 and the
expectation operator, must remain invariant over time. Let
and
be two neighboring wide sense stationary segments,
both consisting of independent frames with frame numbers
and
,
and
denote estimates of
respectively, and let
for each such frame. We can view
and
as realizaand
, respectively. The two
tions of random variables
hypotheses then are as follows:

and

have the same distribution
is considered stationary
and
do not have the same distribution
can be considered not stationary

(1)

and
be vectors containing
Let
(iid) realizations of
and
(iid) realizations of
,
. The
respectively, and let
decision between the two hypotheses is made using the likelihood ratio test (LRT) [10]

Reject

if

(2)

and
with a decision threshold and
the likelihood of the sequence
under hypothesis
and
, respectively. In order to apply (2), pdfs,
and
must be determined. From the assumption of independent frames it then follows that
,
and
.
We will argue in Section II-A that under certain assumptions
and
are
the probability density function (pdf)
Gaussian distributed and use the standard procedure of the Generalized LRT [10] and substitute unknown pdf parameters with
their maximum likelihood estimates. In Section II-B, we will
comment on the relation between the threshold and the significance level under the Neyman–Pearson theorem. In Section II-C, we present the algorithm that is used in combination
with the LRT to find for each frame a corresponding segment.
A. Distribution of
To determine the distribution type of
, we assume that
the noisy speech frames
are sufficiently long and that their

Fig. 3. (a) Measured distribution of R[0] based on synthetic speech. (b) Synthetic clean speech signal. (c) Synthetic noisy speech signal.

statistics can be described by a multidimensional Gaussian dis, with
the noisy speech cotribution, i.e.,
variance matrix. Under this assumption, the covariance matrix
, with
denoting hermitian transposition, is
asymptotically equivalent to a circulant matrix [11]. The co, with the DFT transform, can
variance matrix of
. Because the DFT is known
be written as
to diagonalise a circulant matrix [11],
is asymptotically diagonal, is an uncorrelated multidimensional Gaussian
sequence, and consequently also an independent sequence. The
estimate of

where
is the frame length and where
are the noisy
speech DFT coefficients, is therefore a sum of independent
random variables. Using the central limit theorem, it follows
approaches a Gaussian distribution. In Fig. 3(a), a
that
measured distribution of
, based on a synthetic speech
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signal shown in Fig. 3(b), is compared with a Gaussian distribuvalues
tion whose mean and variance are computed using
from the synthetic noisy speech data. It is shown that the measured histogram approximates the Gaussian distribution quite
closely. The synthetic speech signal was created by filtering
an impulse train through a time-invariant LPC-synthesis filter
whose coefficients were extracted from a speech signal. The pdf
was measured by windowing the noisy speech data followed by
per window. The reason to use a synthetic
computation of
speech signal is to be able to create a long stationary sequence
of speech with enough data to draw the histogram.
B. Relation Between
Theorem

and

Under Neyman–Pearson

Using the argumentation from Section II-A, it follows that
can be assumed Gaussian distributed. This makes it
possible to compute the likelihood ratio (2). However, it is
should be accepted or
not possible yet to decide whether
is still unknown. Under the
rejected, since the threshold
Neyman–Pearson criterion, the threshold is related to the false
, also referred to as the signifialarm probability
cance level , as follows:
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is the maxHere,
over
imum likelihood estimate of the variance of
and
with mean
the concatenated sequence
,
the maximum likelihood estimate of the variance of
over sequence
with mean
and
the maximum likeliover sequence
with
hood estimate of the variance of
mean
. However, we cannot
express the distribution of the left-hand side of (5) in terms of
known pdfs and as a consequence, we cannot express analytically the link between the value of and the resulting false
alarm probability.
However, by a slight modification of the hypotheses in (1)
into a less strict form, we are able to relate to a significance
level . With the modified hypotheses, we test for a change in
over sequence and , while the means
variance of
and
for, respectively,
and
under both
and
are
unspecified and possibly different. The two hypotheses in this
situation are written as

(6)
(3)

This means that the threshold is dependent on the pdf of
under
. However, in this particular situation, it is impossible
to solve (3) for for a given , because
is not
completely specified. A common way to overcome this problem
,
is to rewrite the likelihood ratio in the form
is
where is a function of data dependent terms only, and
a threshold that is generally different from in (3). Then, the
relation between the false alarm probability and the threshold
can be made by derivation of the distribution of
.
as derived in SecWith the Gaussian distribution of
tion II-A, we can write the
and
hypotheses from (1) as
follows:

otherwise

This leads to the same expression as in (5), but the maximum
must now be computed as a pooled
likelihood estimate of
variance

With this pooled variance, it is possible to write (5) in terms of
, , , and only [12]

(4)

with
and
the standard deviations of
in sequence
and sequence , respectively, and
and
the mean of
in sequence and sequence , respectively. Because
is
and
, it is possible to
Gaussian distributed under both
rewrite

such that the left-hand side contains only data dependent terms

(5)

(7)
It can be shown that (7) is a concave function [12]. Therefore it
only and reject hypothesis
if
is sufficient to consider
or
, with
. The ratio
has an -distribution with ,
degrees of freedom
[13]. Therefore, it is now possible to relate the threshold to a
is rejected
significance level . This means that hypothesis
or
.
when
Although this procedure relates the significance level with the
threshold, it tests for a weaker necessary condition for stationarity, because the modified hypothesis in (6) is weaker than the
necessary condition to reach stationarity. In the following, we
will, therefore, use the original hypothesis test as defined in (4)
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Fig. 4. Segmentation algorithm based on hypothesis.

without directly relating the threshold to the significance level;
we will, however, show the results obtained with the weaker hypothesis test (6) as well, presenting our results in Section IV.
C. Segmentation Procedure
, we are now in a position
Knowing the distribution of
to compute the likelihood ratio given sequences and

where the three probability distributions
,
, and
are all three Gaussian pdfs
with possibly a different mean and variance. To find for a given
frame a corresponding segment, we should in principle perform
an exhaustive search over all possible segments. To avoid this
computationally demanding full-search approach, we propose
instead a computationally simpler algorithm which simulation
experiments have shown to lead to the same performance as the
full search algorithm. Fig. 4 describes this simplified algorithm.
Start with a minimum segment , which is assumed to be
stationary and contains the frame under consideration (shaded
area in Fig. 4). Then, extend this minimum segment with one
frame at a time in an iterative process. Whether the segment
should be extended with a neighboring frame is decided using
and a neighboring sethe hypothesis test over sequence
quence . We continue this process until on both sides of ,
is rejected. The final sequence
shown at the bottom of
Fig. 4 is considered as the stationary segment that can be used
in a Bartlett estimate of the noisy speech power spectrum.
This segmentation algorithm can be generalized by dividing
the frequency range into subbands and determining a segmentation for each band independently. However, in this case, less information is present per band to estimate maximum likelihood
parameters of the Gaussian pdf. This, in turn, means that the
variance of these estimates will be larger than in the full-band
case. We expect that increasing the number of bands may be

beneficial for a small number of bands, but for a larger number
of bands, the advantage of having many bands may be overshadowed by the increased variance of the parameters of the
Gaussian pdf estimate in each band. Note that in a setup where
the segmentation is determined per frequency band, the assumption of independent time-samples becomes less valid. Nevertheless, we will proceed with this setup, because, as we will see, it
leads to improvements.
Fig. 5 shows a block scheme of the proposed segmentation
algorithm in combination with an enhancement algorithm. First,
a noisy speech signal frame is divided into frequency bands
with an -channel filterbank. Then, for each frequency band,
-coefficient is computed and a segmentation is
the energy or
determined. This segmentation is then used to estimate the noisy
in that band. Then, the resulting spectra of
power spectrum
,
the subbands are combined to form the full band estimate
which then is used together with an estimate
to enhance the
noisy signal resulting in the clean speech estimate .
In Figs. 6 and 7, we show the result of the above described
hypothesis-based segmentation algorithm applied to speech signals degraded by white noise at an SNR of 15 and 5 dB, respectively. In the figures, the original clean speech signal is
shown together with the resulting segmentation. The thick lines
mark the frames in which the signal is divided for enhancement.
The thin lines represent for each frame the corresponding segment that is found by the hypothesis based algorithm. In those
examples, we used a full-band version of the previously described algorithm. In Fig. 6, the speech signal under consideration consists of four parts: an initial silence part, a transient,
some ringing after the transient, and a voiced part. We see that
frames in the silence and voiced part have long segments associated which cover, respectively, the whole silence and voiced
part. Frames in the transient part have rather short segments,
which prevents smearing of the transient. Further, the onset of
the voiced part is resolved, preventing it from smearing into the
ringing of the transient. In Fig. 7, the speech signal under consideration consists also of four parts. A voiced speech sound, a
silence region, another voiced sound, and again a silence region.
In Fig. 7, we see that the frames in the two voiced regions have
corresponding segments that completely cover the whole voiced
region, and frames in the two silence regions have segments that
also cover the complete silence region.
Notice that the segments are found using future information.
The more future information can be used, the more secure the
will become. The use of future information
estimates of
implies a certain latency. However, the latency in the presented
segmentation algorithm is adjustable. In Section IV-B, we
demonstrate that also with no latency or a limited latency, the
use of an adaptive time segmentation leads to performance
improvements.
III. A PRIORI SNR ESTIMATION USING
ADAPTIVE SEGMENTATION
The Bartlett method reduces the variance of the estimate of
with a factor by averaging periodograms. In principle,
the Bartlett estimate assumes no overlap and rectangular-windowed frames. However, other methods are developed that do
allow overlap and other windows than the rectangular window,
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Fig. 5. Block diagram of adaptive segmentation speech enhancement system.

Fig. 6. Example segmentation. Thick horizontal lines: duration of frames. Thin
horizontal lines: corresponding segments. Input SNR 15 dB.

Fig. 7. Example segmentation. Thick horizontal lines: duration of frames. Thin
horizontal lines: corresponding segments. Input SNR 5 dB.

e.g., the Welch and Blackman–Tukey approach [6]. Note that
a side effect of increasing the overlap is that the decrease in
variance will become smaller than a factor . To compute the
samples is diBartlett estimate in practice, a segment of
vided in frames of length , and the periodograms of these
frames are then averaged. Note also that the decrease in variance comes with a side effect, the frequency resolution of a periodogram based on a single frame is smaller than
that of a periodogram based on the entire segment.
is estimated using either a
In conventional systems,
Bartlett estimate with fixed segment length and fixed start and
end positions of the segment [3], [4] or using a periodogram
estimator [4]. The power spectral estimate can be improved by
combining the Bartlett estimate with an adaptive segmentation,
that is

In Sections III-A and III-B, we will present an improved maximum likelihood approach and an improved DD approach to es.
timate using this improved power spectral estimate

=

=

A. A Priori SNR Estimation Based on Improved Maximum
Likelihood Approach
The a priori SNR
can be defined as

for a frequency bin and time frame

(9)
Under the assumption that speech DFT coefficients follow a
Gaussian distribution, (9) is in [4] approximated by the maximum likelihood estimate of

(8)
with
and
the frame numbers that denote the start and
end points of the segment found with the adaptive segmentation
the number of frames in the
algorithm and
using (8) leads to a reduced
segment. Estimation of
variance while preserving the transitional regions in a speech
fragment, because it is adapted to the underlying speech signal.

where

is an estimate of the noise power spectrum, and
is a Bartlett estimate of
with fixed segment boundaries and fixed number of terms .
This makes it impossible to adapt appropriately to changes in
the speech signal. Instead, the improved Bartlett estimate of (8)
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can be used. This provides an estimate of
, where the
start and end positions of the segment may vary for different
frames. Consequently, the gain function will be better able to
adapt to changes in the noisy speech signal, leading to a more
efficient use of the data and less smearing of transitional areas
in the speech signal. Insertion of (8) into (9) then leads to

Originally in [4], the DD approach was defined as a linear
combination between two equally valid definitions of the a
priori SNR

and

As an example, the Wiener filter can be combined with the
adaptive Bartlett estimate. This leads then to
(10)
In order to obtain an upper bound of the achievable enhanceis estimated using the Bartlett
ment performance when
approach combined with the adaptive segmentation, we consider now an idealized situation, where optimal segments are
found using knowledge of the clean signal. Clearly, in a practical situation, such an approach is not possible. The ideal segmentation is found by
(11)
where is a segmentation from the set of all allowed segmentations, is the clean speech signal, is the estimated clean
speech signal, is a distance measure between the clean speech
signal and the estimated clean speech signal, and is the statistical expectation operator. The expectation operator is used to
eliminate the influence of the noise realization on the distortion
measure. We assume that distortions across frames are additive
and independent. We can then write (11) as
(12)
is frame of the clean speech
where is the frame index,
signal,
is the estimated clean speech for frame , and is a
certain segment from the set of all allowed segments for frame
. The purpose of (12) is to find for each frame a corresponding
segment such that is minimized. The distortion measure we
minimize here is the difference between the clean speech and
,
the estimated clean speech frames;
and
and is the frame size. As
where
described in Section II-C for the hypothesis based segmentation,
the ideal segmentation can also be generalized by dividing the
frequency range in subbands. In contrast to the hypothesis based
segmentation, increasing the number of bands for the ideal case
will result in a better segmentations always.
B. A Priori SNR Estimation Based on Improved Decision
Directed Approach
The decision directed approach [4] is another way of estimating , which is well known and often used, because it results
in less unnatural residual noise than the maximum likelihood
based scheme.

where
is the clean speech amplitude of frame and
is the a
frequency bin , and
posteriori SNR which is based on a periodogram estimate. With
, the linear combination results in
a smoothing factor

(13)
which is a mathematically correct expression without approximations, but which is hard to implement in practice. Therefore,
in [4], at first the expectation operator was simply neglected.
Leaving out this expectation operator results in an estimate
with large variance, because the periodogram
in
has a variance as large as
. To reduce the influence of this
large variance, the smoothing factor is chosen close to one.
of frame
Second, since the estimate of the amplitude
is not available, the estimate of the amplitude at frame
was
, which
used. This results in a delay in the estimate of
especially in transitional speech regions, is of large influence.
Finally, a third approximation was necessary to overcome a side
effect of the first approximation. Specifically, after neglecting
, and thus
may
the expectation operator
become negative. Realizing that this is unreasonable for an
SNR estimate, a max operator was introduced. Altogether, this
led to [4]

(14)
which is the DD approach as it is used in practice.
It is possible to derive a DD approach that is closer to the
definition of (13) and with less approximations than (14), using
. Replacing the perithe improved Bartlett estimate
in
in (14) with
, we can
odogram
write

(15)
where it is assumed that the power spectrum of the noise
is given. An advantage of (15) is that because the variance of
the second term is decreased, it is possible to decrease , which
means less influence of the first term (15) and as a result, less
tracking delay and less speech distortions.
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Fig. 8. SNR per frame after enhancement of noisy speech with 15-dB input
SNR using the fixed segmentation (dotted) and the hypothesis based segmentation with four subbands (solid).
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Fig. 9. Comparison between fixed segmentation ( ); hypothesis-based segmentation with four subbands ( ), ideal segmentation with 1 (+), 2 (x), 4
( ), 8 ( ), and 16 ( ) subbands; and segmentation based on modified hypothesis for fixed with 1 (/), 2 (.), and 4 ( ) subbands. a) Input SNR of 5 dB.
= 8.47 dB) b) Input SNR of 15 dB (SNR
= 1.53 dB).
(SNR
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IV. OBJECTIVE AND SUBJECTIVE SIMULATION EXPERIMENTS
We evaluate the presented segmentation algorithms by
means of objective and subjective simulation experiments. In
all experiments, we use speech fragments sampled at 8 kHz
and frame sizes of 120 samples taken with 50% overlap.
Noise statistics are measured during silence regions preceding speech activity and are assumed to be stationary.
For objective evaluation, we use SNR per frame, defined as
and segmental
[7], where
SNR defined as
and
denote frame of the clean and the enhanced
speech signal, respectively.
A. Objective and Subjective Results for Maximum
Likelihood-Based Speech Enhancement
In this section, we evaluate the objective and subjective
quality improvement of the presented segmentation algorithms
within a maximum likelihood-based speech enhancement
scheme. We use the proposed segmentation algorithm as well
as a fixed segmentation approach as front-ends for maximum
likelihood Wiener filter-based enhancement algorithms with a
gain function as in (10). In all experiments presented in this
for all
section, was chosen offline and kept fixed at
speech sentences, independent of input SNR. Both the threshold
for the hypothesis-based segmentation and the segment length
for the fixed segmentation were chosen such that they lead to
optimal segmental SNR after enhancement averaged over a
representative speech database.
1) Objective Results: In Fig. 8, the impact of our hypothesis-based adaptive segmentation algorithm is demonstrated on
a female speech signal and compared with a fixed segmentation. We show the clean speech signal together with the SNR
per frame after enhancement of a noisy speech signal for both
the fixed segmentation and the hypothesis based algorithm with
four subbands. Here, clean speech was degraded by white noise
at an SNR of 15 dB. Especially at locations where the speech
signal changes abruptly, the proposed scheme improves performance. The local improvements of 10 dB around the onsets and
endings of speech sounds are due to less smearing of the speech
sound.
As a second objective evaluation, we compared fixed
segmentation, ideal adaptive segmentation as described in Section III-A, and the hypothesis-based segmentation algorithm in
terms of segmental SNR. Fig. 9(a) and (b) shows the results averaged over six different speakers, three male and three female,

for input SNRs of 5 and 15 dB, respectively. Both figures show
the segmental SNR versus the average segment length for the
fixed segmentation, the hypothesis-based segmentation with
four equal-width subbands and the ideal segmentation with 1,
2, 4, 8, and 16 equal-width subbands. For the hypothesis-based
segmentation, we used four subbands, because that led to an
optimal segmental SNR. Comparing Fig. 9(a) and (b), it can be
seen that for lower input SNR, all methods have longer segment
lengths. The proposed scheme with four subbands leads to
an increase of the segmental SNR of 0.82 and 0.73 dB for an
input SNR of 5 and 15 dB, respectively. Further, it can be seen
that the proposed algorithm with four subbands approximately
reaches the segmental SNR of the full-band version of the
ideal segmentation. From Fig. 9, it is clear that the segmental
SNR for the ideal segmentation increases with the number of
subbands that is used.
We also experimented with the modified hypothesis test of (6)
to find segmentations under a fixed significance level instead
of under a fixed threshold . Those results are also shown in
Fig. 9. It can be seen that the performance in terms of segmental
SNR is much lower in comparison to the segmentation based
on the hypothesis of (1). The reason for this is that the modified
hypothesis of (6) does not fulfill the minimum requirements of
stationarity, necessary to find a proper segmentation.
While in the experiments reported so far, we used the same
value of the threshold for each frame and for each frequency
band, we might expect a performance gain if we allow different
-values for different frames or frequency bands dependent on
the SNR. However, by experiments with 30 different speech signals, it was observed that the optimal is fairly insensitive to
the SNR.
2) Subjective Results: For subjective evaluation, a listening
test was performed with nine participants, the authors not included. To this listening test we will refer as OAB test. Here, O
is the original signal and A and B are two enhanced signals. We
implemented a Wiener filter based on the maximum likelihood
approach combined with a fixed segmentation and a Wiener
filter based on the maximum likelihood approach combined
with the hypothesis-based segmentation algorithm with four
subbands. Six speech signals were used, three male and three
female speakers, all degraded by white noise at an SNR of 5
and 15 dB. We presented the listeners first the original signal
followed by two versions enhanced with a fixed or hypothesis
based segmentation. Each series was repeated four times with
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TABLE I
WILCOXON TEST RESULTS TO DETERMINE THE SIGNIFICANCE OF THE
DIFFERENCE BETWEEN THE METHODS USED IN THE LISTENING EXPERIMENT

the enhanced versions played in random order. For all speech
sentences and all SNRs, the maximum likelihood approach
with the hypothesis based segmentation was preferred above
the maximum likelihood approach with a fixed segmentation.
The average relative preference for the maximum likelihood
approach with the hypothesis-based segmentation over a fixed
segmentation was 77.3% and 74.1% for 5- and 15-dB input
SNR, respectively. A statistical significance test (Wilcoxon
test [14]) is used determine whether the difference between
the two methods was significant. In Table I, the P-values of
this Wilcoxon test are given. The P-value is the significance
hypothesis of the Wilcoxon test (this
level at which the
is the hypothesis in which the two tested methods have equal
quality) would be rejected. Here, we compare the P-values with
a significance level of 0.5 10 and can conclude that for both
SNRs the difference is statistically significant.

Fig. 10. SNR per frame after enhancement of noisy speech with 15-dB input
SNR after using standard DD approach (dotted line) and the with an adaptive
segmentation improved DD approach (solid line).

B. Objective and Subjective Results for Decision Directed
Approach Based Speech Enhancement
In this section we evaluate the objective and subjective quality
improvement of DD approach based speech enhancement combined with the proposed segmentation algorithm over the standard DD approach. In all experiments, both methods are combined with a Wiener filter. For the adaptive segmentation based
. This choice
DD approach we used a smoothing factor
is based on experiments presented in Fig. 11. For the standard
as proposed in [4]. In all experDD approach we used
iments presented in this section was chosen off line and kept
fixed at
for all speech sentences.
1) Objective Results: Fig. 10 shows a performance comparison in terms of SNR per frame between the standard DD approach and DD approach improved with an adaptive segmentation. The improved approach is implemented using (15). The
noisy speech signal was degraded by white noise with a SNR of
15 dB. It can be seen that the improved DD approach generally
leads to better performance: in onset regions, during sustained
speech sounds, and during silence intervals.
As a second objective evaluation, we compared the standard
DD approach with the improved approach in terms of segmental
SNR for different values of the smoothing factor [see (14)
and (15)]. The results are averaged over six different speakers,
three male and three female with three different SNR levels, 5,
10, and 15 dB. The results are shown in Fig. 11. It is shown
that combining the DD approach with an adaptive segmentation
leads to an improved segmental SNR in the order of 0.7 dB.
Further, it can be seen that the improved DD approach has its
optimum at a lower than the standard DD approach, which
means less tracking delay in the estimation of .
In Fig. 12, we demonstrate the influence of the allowed
latency in the segmentation algorithm on the performance
after enhancement. The signals used in this experiment were
degraded by white noise at an input SNR of 10 dB. It is shown

Fig. 11. Comparison between the DD approach (dashed line) and the DD approach combined with an adaptive segmentation (solid line) in terms of segmental SNR as a function of the smoothing factor . a) Input SNR of 5 dB
(SNR
= 8.23 dB). b) Input SNR of 10 dB (SNR
= 3.23 dB). c)
= 1.77 dB).
Input SNR of 15 dB (SNR

0

0

that the segmentation algorithm with a latency of 30 ms has
almost a similar performance as with an infinite latency. Even
with a latency of 0 ms, the segmentation algorithm still leads
to improvement compared to the DD approach without any
adaptive segmentation.
2) Residual Noise Analysis: An important aspect of the
quality of a speech enhancement algorithm is the nature of the
residual noise, because many enhancement methods suffer from
a disturbing and unnatural sounding character of the residual
noise. Often, the power spectrum of the residual noise consists
of frequency components where the noise energy occurs on
and off at almost random frequencies and is, therefore, called
musical noise. Fig. 13 shows a comparison of the energy of
the residual noise between the standard DD approach and the
improved DD approach using an excerpt of a female speech
signal. The speech signal was degraded by white noise with an
SNR of 5 dB. In Fig. 13(a), we show the noisy speech signal. We
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TABLE II
WILCOXON TEST RESULTS TO DETERMINE THE SIGNIFICANCE OF THE
DIFFERENCE BETWEEN THE METHODS USED IN THE LISTENING EXPERIMENT

Fig. 12. Performance in terms of segmental SNR versus latency for the DD
approach (+), DD approach combined with an adaptive segmentation (solid
line), and DD approach combined with an adaptive segmentation and infinite
latency ( ).

2

Fig. 13 a) Noisy speech signal at 5-dB SNR. b) Comparison between standard
DD approach (solid line) and with the adaptive segmentation improved DD approach (dashed line) of the energy of the residual noise r (k; i) .

j

j

compare in Fig. 13(b) the energy of the residual noise
for a certain frequency bin over several consecutive frames
for both the standard (solid line) and the improved (dashed line)
DD approach. The energy of the residual noise was computed
by first applying a decomposition of the total residual signal in
a residual noise and a speech distortion component [15], that is

where

,
, and
are Fourier coefficients,
is the value of the gain function,
speech distorthe residual noise. From Fig. 13(b), it is clear
tion, and
that the energy of the residual noise has a smoother character
when using the improved DD approach. With the standard DD
approach, the energy of the residual noise shows jumps and

irregularities. Informal listening tests confirmed that the DD
approach with the adaptive segmentation results in less residual
noise. Moreover, informal listening tests confirmed that the
character is less musical, because of the decreased variance
. Consequently, the DD approach
of the estimate of
improved with an adaptive segmentation has less disturbing
sounding residual noise then without adaptive segmentation.
3) Subjective Results: For subjective evaluation, an OAB
listening test similar to the test in Section IV-A2 was performed
with nine participants, the authors not included. We implemented a Wiener filter where the a priori SNR was determined
with the standard DD approach from (14) and a Wiener filter
where the a priori SNR was determined with the improved
DD approach from (15). In this listening test, we used three
different types of additive noise at two different SNRs, white
noise, car noise, and F16-cockpit noise at SNRs of 5 and 15 dB.
For each noise type and noise power level, we presented the
listeners two female sentences and two male sentences. The
listeners were presented first the original signal followed by
the two different enhanced signals. Each series was repeated
three times with the enhanced versions played in random order.
For speech signals corrupted with white noise at an SNR at
5 and 15 dB, the relative preference of the improved DD approach over the standard DD approach was 80.6% and 70.4%,
respectively. For speech signals corrupted with F16-cockpit
noise at an SNR of 5 and 15 dB, the improved DD approach
was preferred above the standard DD approach with 77.8%
and 75%, respectively. A statistical Wilcoxon significance test
revealed that the difference between the two methods is indeed
significant at a significance level of 0.5 10 . The P-values of
this test are tabulated in Table II. For speech signals corrupted
with car noise, the outcome of the listening test was close to
50%. In this case, the statistical significance test (Wilcoxon
test) was applied and revealed that the difference between the
two methods indeed is insignificant, although objective tests
done by the authors showed improvement in terms of SNR.
This result can be explained by the fact that the energy of
car noise is concentrated mainly in a small frequency band
where in general the majority of speech energy is present. This
means that most of the residual noise that is left after using the
standard DD approach will be masked by the speech energy.
As a result, the perceptual difference between the standard DD
approach and the improved DD approach becomes smaller.
V. CONCLUSION
We presented an adaptive time segmentation for speech
enhancement to improve the estimation of the noisy speech
power spectrum. The segmentation algorithm only needs
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knowledge of the noisy speech signal to determine for each
frame which segment of data should be used to estimate the
noisy speech power spectrum. The segments are formed based
on the outcome of a sequence of hypothesis tests. We used
this adaptive estimate of the noisy speech power spectrum to
improve the maximum likelihood and decision directed-based
speech enhancement methods. Moreover, by combining the
decision directed approach with an adaptive segmentation
based Bartlett estimate instead of the periodogram estimate, we
showed that less approximations are needed. Objective experiments showed that usage of the adaptive time segmentation to
improve the maximum likelihood and decision directed-based
speech enhancement methods leads to a better quality in terms
of SNR. Transitional regions gain in terms of SNR because of a
better adaptivity of the gain function to the speech signal. Also,
in stationary regions the SNR is improved because of a more
efficient use of the data. Simulation experiments showed that
the improved decision directed approach results in less residual
noise, but also with a less musical character. Furthermore,
subjective listening tests with speech signals degraded with
various noise sources and noise levels showed that in terms of
perceptual quality for both the maximum likelihood and the
decision directed approach the adaptive segmentation algorithm
is preferred over the usage of a fixed segmentation. For car
noise, the perceptual difference was negligible, because most of
the residual noise energy is then masked by the speech energy.
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