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Abstract
Short-time Fourier transform (STFT) methods are often used to
overcome the degradation of speech signals affected by noise.
STFT-gain functions are usually expressed as a function of the
a priori SNR, say ξ, and good techniques to estimate ξ are of
vital importance for the quality of enhanced speech. Often, ξ is
estimated using the so-called decision directed approach (DD).
However, the DD approach builds on a number of approxima-
tions, where certain expected values of signal related quanti-
ties are approximated by instantaneous estimates. In this paper
we present a method to improve these approximations by com-
bining the DD approach with an adaptive time segmentation.
Objective and subjective experiments show that the proposed
method leads to significant improvements compared to the con-
ventional DD approach. Furthermore, simulation experiments
confirm a decreased amount of non-stationary residual noise.

1. Introduction
The increased use of speech communication systems over the
last years goes hand in hand with an increase of the variety of
application environments. As a result also the variety of noise
sources and noise levels that affect the speech signal increases.
The presence of acoustical noise reduces intelligibility and in-
creases listeners fatigue. For this reason acoustic noise is often
removed from the speech signal prior to coding, using single-
channel enhancement techniques. Typically, it is assumed that
the speech signal is uncorrelated with the noise process and that
the noise is additive, i.e. y = x + n with x the clean speech
signal, n the noise process and y the noisy speech signal.

Many single-channel enhancement techniques are formu-
lated in the frequency domain. First the noisy speech signal
is transformed frame by frame to the frequency domain us-
ing e.g. the discrete Fourier transformation (DFT), resulting
in noisy speech DFT coefficients. The clean speech coefficients
are estimated by applying a gain to the noisy speech DFT coef-
ficients. Then the estimated clean speech DFT coefficients are
transformed back to the time domain using inverse DFT tech-
niques, where an enhanced waveform is generated by overlap-
adding the enhanced frames.

Often, enhancement gain functions can be written as a func-
tion of the a priori SNR ξ(k, i) � Pxx(k,i)

Pnn(k,i)
with Pxx(k, i) the

power spectrum of the clean speech, Pnn(k, i) the power spec-
trum of the noise and k and i the index of the frequency bin and
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time-frames, respectively. Obviously, the clean speech signal is
not available in speech enhancement applications, and ξ needs
to be estimated from noisy speech data. Known methods for es-
timating ξ include the maximum likelihood [1, 2] and decision
directed (DD) approach [2]. The DD approach is well-known,
because it leads to a better reduction of the musical noise in
comparison to the maximum likelihood approach [2, 3].

In [2] the DD approach was defined as a linear combina-
tion between two different, but equally valid expressions for
the a priori SNR ξ. However, this expression of ξ was based
on certain expected values of signal related quantities approx-
imated by instantaneous estimates. More specifically, one of
the approximations replaces the expected value of the a poste-
riori SNR, say E [γ(k, i)], with a realization of γ(k, i), namely
γ(k, i) = |Y (k,i)|2

Pnn(k,i)
, where |Y (k, i)|2 is a periodogram estimate

of the noisy speech power spectrum Pyy(k, i) and Pnn(k, i) the
noise power spectrum. The variance of the estimated ξ(k, i) is
now (partly) determined by a periodogram estimate which has
a variance in the order of var[|Y (k, i)|] ∝ P 2

yy(k, i) [4]. The
variance of the estimated ξ(k, i) introduces an unnatural sound-
ing residual noise, often referred to as musical noise.

In this paper, we demonstrate how to improve the above
mentioned approximation and how to improve the DD approach
as presented in [2]. We do this by combining the DD approach
with an adaptive time segmentation algorithm for noisy speech
that was presented in [5] to improve maximum likelihood based
speech enhancement. Instead of using approximations that sub-
stitute E [γ(k, i)] with an instantaneous estimate of γ, we use
an adaptive time segmentation to improve the estimate of the
expected value of γ. This reduces the variance of the estimate
of ξ which leads to less musical noise than when using the stan-
dard DD approach.

2. Adaptive Time Segmentation
In order to facilitate the discussion of our improved DD ap-
proach, we summarize in this section the main aspects of the
adaptive time segmentation algorithm for noisy speech as pre-
sented in [5].

First we define in Fig. 1 signal frames and segments, respec-
tively. Frames are sequences of noisy speech samples, which
are transformed to the Fourier domain, where a gain function is
applied to the noisy DFT coefficients, before the inverse DFT
is used to create an enhanced signal frame. A segment is a se-
quence of several consecutive frames that we will use in this
work to estimate the expected value of the a posteriori SNR γ
for the frame to be enhanced. We determine for each frame
a corresponding segment, using an adaptive time-segmentation
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Figure 1: Noisy speech signal with frame to be enhanced. In
this example a segment consists of 5 consecutive frames.
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Figure 2: Example Segmentation. Thick horizontal lines: Dura-
tion of frames. Thin horizontal lines: Corresponding segments.

algorithm for noisy speech as presented in [5]. The segmen-
tation algorithm uses hypotheses tests to decide whether two
consecutive sequences of time domain speech samples, say s1

and s2, should be merged to form one larger stationary segment
[s1, s2] or not. The hypothesis test statistic is based on a neces-
sary condition for stationarity, namely that the zero-lag autocor-
relation coefficient R[0] of the speech process remains invariant
over time. Using a sequence of hypothesis tests it is possible to
determine the start and end positions of segments corresponding
to each noisy speech frame. In Fig. 2 the algorithm described
in [5] is applied on a speech signal degraded by white noise at
an SNR of 5 dB. The original clean speech signal is shown to-
gether with the resulting segmentation. The thick lines mark
the frames and the thin lines represent for each frame the corre-
sponding segment. The above described adaptive segmentation
algorithm can be used to define a signal adaptive variable-length
Bartlett estimate P̂ a

yy(k, i) for the noisy speech power spectrum

P̂ a
yy(k, i) =

1

N(k, i)

n2(k,i)∑
i=n1(k,i)

|Y (k, i)|2, (1)

where the start and end points, n1(k, i) and n2(k, i), of the seg-
ment corresponding to frame i are found with the adaptive seg-
mentation algorithm, N(k, i) = n1(k, i) − n2(k, i) + 1 is the
number of non-overlapping frames used in the Bartlett estimate
and the superscript a to notice that the power spectrum is es-
timated using an adaptive time segmentation. Using P̂ a

yy(k, i)
as an estimator of Pyy(k, i) leads to an estimator with a re-
duced variance while preserving transitional regions, because it
is adapted to the underlying speech signal. In fact, under our
assumptions, the variance of a Bartlett estimate is reduced by a
factor 1

N(k,i)
[4] over the single periodogram estimate as used

in the original DD approach in [2] .

3. Improved Decision Directed Approach
Using Adaptive Time Segmentation

Originally the DD approach to compute the a priori SNR was
defined in [2] as a linear combination between two equally valid

definitions of the a priori SNR, namely ξ(k, i) � E[|X(k,i)|2]
Pnn(k,i)

and ξ(k, i) � E [γ(k, i) − 1] , with |X(k, i)| the clean speech
amplitude of frame i and frequency bin k, and γ(k, i) �
|Y (k,i)|2
Pnn(k,i)

the a posteriori SNR which is based on a periodogram
estimate of the noisy speech power spectrum Pyy . With a
smoothing factor α, 0 ≤ α ≤ 1, the linear combination results
in

ξ(k, i) = E

[
α
|X(k, i)|2
Pnn(k, i)

+ (1 − α) [γ(k, i) − 1]

]
, (2)

which is a mathematical correct expression without approxima-
tions, but which is hard to implement in practice. Therefore,
in [2], the expectation operator was simply neglected. Leaving
out this expectation operator results in an estimate ξ̂(k, i) with
large variance, because |Y (k, i)|2 in γ(k, i) = |Y (k,i)|2

Pnn(k,i)
is es-

timated using a periodogram estimator which has a variance as
large as var(|Y (k, i)|2) ∝ Pyy(k, i)2. To reduce the influence
of this large variance, the smoothing factor α in (2) is chosen
close to one. Secondly, since the noise-free amplitude |X(k, i)|
is not available, it is replaced in (2) by X̂(k, i − 1), the esti-
mate of the amplitude in the previous frame. This results in a
delay in the estimate of ξ(k, i). The delay is of large influence
on the final estimated a priori SNR, especially in transitional
speech regions. This influence is increased, because α is cho-
sen close to one which makes the first term in (2) more domi-
nant [3]. Finally, a third approximation was necessary to over-
come a side effect of the first approximation. Specifically, after
neglecting the expectation operator, it is not guaranteed any-
more that γ(k, i)−1 is non-negative. For this reason a function
P (·) was applied to γ(k, i)−1 which forced all negative values
to zero. All three approximations together led to the practically
used version of the DD approach [2]

ξ̂(k, i) = α
|X̂(k, i − 1)|2
Pnn(k, i − 1)

+ (1 − α)P [γ(k, i) − 1]. (3)

Here ξ̂(k, i) is the a priori SNR for frequency bin k and frame
i, |X̂(k, i− 1)| the estimated clean speech amplitude for frame
i − 1 and γ(k, i) the a posteriori SNR for frame i.

It is possible to derive a DD approach that is closer to the
definition of (2) using P̂ a

yy from (1). Replacing the periodogram
estimator in (3) with this improved Bartlett estimate, we can
write

ξ̂a(k, i) = α
|X̂(k, i − 1)|2
Pnn(k, i − 1)

+ (1 − α)P

[
P̂ a

yy(k, i)

Pnn(k, i)
− 1

]
.

(4)
Inspection of (4) tells us that dependent on the number N(k, i)
of frames in the segment in (1), the smaller the variance of the
second term will become. An extra advantage is that because
of the decreased variance of the second term it is possible to
decrease α, which means less influence of the first term in (4)
and as a result less tracking delay and less speech distortions.
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Figure 3: SNR per frame after using standard Decision Directed
approach (dotted) and the with an adaptive segmentation im-
proved DD approach (solid). Input SNR was 15 dB. (additive
white Gaussian noise)

4. Subjective and Objective Results

We evaluate the improved DD approach by means of objec-
tive and subjective simulation experiments. Furthermore, we
present a comparison between the standard DD approach and
the improved DD approach by analysis of the residual noise.
All speech fragments are sampled at 8 kHz with frame sizes of
120 samples with 50% overlap.

4.1. Objective Performance Evaluation

Fig. 3 shows the performance in terms of output SNR per frame,
defined as 10 log10

‖xi‖2

‖xi−x̂i‖2 , for the standard DD approach
(dotted line) and the DD approach improved with an adaptive
segmentation (solid line). The speech signal was degraded by
white noise with an SNR of 15 dB. The improved DD approach
is implemented using (1) and (4) with n1 and n2 determined
by the hypothesis based segmentation. Both methods are com-
bined with a Wiener filter. For the standard DD approach we
used a fixed value of α = 0.97 as proposed in [2]. For the
improved DD approach we used a fixed value of α = 0.91,
which was chosen based on experimental results, and a thresh-
old λ = 106.5. we see that the DD approach combined with
hypothesis based segmentation improves in all signal regions.

As a second objective evaluation we compare in Fig. 4 the
standard DD approach (dashed line) with the improved DD ap-
proach (solid line) in terms of segmental SNR for different val-
ues of α and speech signals degraded with white noise. The
results are averaged over 6 different speakers, 3 male and 3 fe-
male. The experiments are done with three different input SNR
levels, 5 dB, 10 dB and 15 dB. To demonstrate that our approach
is general and can work with any suppression rule, we choose
in this experiment to use the LSA gain function [6] for the stan-
dard as well as the improved DD approach. We see that for all
α combining the DD approach with an adaptive segmentation
leads to an improved segmental SNR, which is defined as the
SNR averaged over all frames. More specifically, the proposed
method leads to approximately 0.5 dB improvement in segmen-
tal SNR. Further it can be seen that the improved DD approach
has its optimum at a lower α than the standard DD approach,
which means less tracking delay in the ξ estimation.
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Figure 4: Comparison between the standard DD approach
(dashed) and the improved DD approach (solid) in terms of seg-
mental SNR as a function of the smoothing factor α.

4.2. Residual Noise Analysis

An important aspect of the quality of a speech enhancement
algorithm is the nature of the residual noise, because many en-
hancement methods suffer from an unnatural sounding charac-
ter of the residual noise. Often, the residual noise consists of
frequency components occurring on and off at almost random
frequencies and is sometimes referred to as ”musical noise”.
To study the character of the residual noise of our method, we
created a synthetic speech signal by filtering an impulse train
through a piece-wise time-invariant LPC-synthesis filter whose
coefficients were extracted from a speech signal. The synthetic
speech signal was degraded by white noise with an SNR of 10
dB. In Fig. 5a we show the clean signal with the segmentation
found by applying the hypothesis based segmentation algorithm
on the noisy signal. Segments in the silence part at the end of
the signal automatically have the maximum segment length that
is allowed. To study the character of the residual noise, we de-
compose the difference between clean speech X(k, i) and es-
timated clean speech X̂(k, i) into a residual noise component
r(k, i) and a speech distortion component d(k, i) [7],

X(k, i) − X̂(k, i) = d(k, i) + r(k, i), (5)

where X(k, i), X̂(k, i), d(k, i) and r(k, i) are Fourier coef-
ficients. Fig. 5b compares the energy of the residual noise
|r(k, i)|2 for a representative frequency bin k over several con-
secutive frames for both the standard DD approach (solid) and
the improved DD (dashed) approach. To make a fair compari-
son we make sure that the speech distortions introduced by both
methods after enhancement are approximately equal by tuning
the smoothing factor α based on segmental SNR on speech dis-
tortions only, computed as 1

N

∑N−1
i=0 10 log10

‖X(·,i)‖2

‖d(·,i)‖2 , with
N the number of frames and d(·, i) the speech distortion com-
ponent in frame i containing speech distortions only. This mea-
sure was even slightly larger for the improved DD approach.
This procedure led to an α = 0.97 for the standard DD ap-
proach and α = 0.94 for the improved DD approach. In Fig. 5b
it is clear that the energy of the residual noise has a much
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 also
confirmed that the DD approach with the adaptive segmenta-
tion results in less residual noise. Moreover, informal listening
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Figure 5: a) Clean synthetic speech signal with segmentation
estimated on noisy signal. b) Comparison of the energy of the
residual noise between standard DD approach (solid) and the
improved DD approach (dashed).

tests confirmed that the character is less musical, because of the
decreased variance of the estimated E[γ − 1]. Consequently,
the DD approach improved with an adaptive segmentation has
less disturbing sounding residual noise than without adaptive
segmentation.

4.3. Subjective Performance Evaluation

For subjective evaluation an OAB listening test was performed
with nine participants, the authors not included. We imple-
mented a Wiener filter where the a priori SNR was determined
with the standard DD approach from (3) and a Wiener filter
where the a priori SNR was determined with the improved DD
approach from (4). In this listening test we used white noise,
car noise and F16 noise at two SNRs: 15 dB and 5 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 noise free signal followed by the
two different enhanced signals in randomized order. Each series
was repeated 3 times. For speech signals corrupted with white
noise at an SNR at 5 and 15 dB the improved DD approach
was preferred above the standard DD approach in 80.6% and
70.4% of the cases, respectively. For speech signals corrupted
with F16-cockpit noise at an SNR of 5 and 15 the improved
DD approach was preferred above the standard DD approach in
77.8% and 75% of the cases, respectively. A statistical signifi-
cance Wilcoxon test [8] revealed that the difference between the
two methods indeed is statistically significant at a significance
level of 0.5%. The P-values of this test are tabulated in Table 1.
The P-value is the significance level at which the H0 hypothe-
sis of the Wilcoxon test (H0: the two tested methods have equal
quality) would be rejected. For speech signals corrupted with
car noise the outcome of the listening test was close to 50%,
and the significance test revealed that the difference between
the two methods is indeed not significant, although objective
tests 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 low-frequency band where, in general, a lot
of speech energy is present. Consequently, most of the resid-
ual noise that is left after using the standard DD approach is
masked by the speech energy. As a result the perceptual differ-
ence between the standard DD approach and the improved DD
approach becomes smaller.

noise source input snr P-value significant
white 5 dB 1.8 ∗ 10−5 yes
noise 15 dB 3.53 ∗ 10−3 yes
car 5 dB 0.33 no

noise 15 dB 0.55 no
F16 5 dB 1.7 ∗ 10−4 yes

noise 15 dB 1.5 ∗ 10−4 yes

Table 1: Wilcoxon test results to verify the significant difference
between the methods used in the listening experiment.

5. Conclusions
We presented an improved DD approach by combining this
method for a priori SNR estimation with an adaptive time seg-
mentation. The adaptive time segmentation is used to estimate
the expected value of the a posteriori SNR γ using a variable
number of neighboring frames selected according to the sta-
tionarity of the noisy signal. Subsequently, this estimate is used
within the DD approach to estimate the a priori SNR. This im-
proved DD approach based on an adaptive time segmentation
comes closer to the original definition of the a priori SNR. Ob-
jective experiments demonstrated that the proposed method im-
proves SNR in both transitional and stationary regions. Also in
terms of segmental SNR the proposed method performs better
than the standard DD approach without adaptive segmentation.
Analysis of the residual signal showed that the proposed method
results in less and more stationary residual noise than the stan-
dard DD approach. Finally, from subjective experiments it fol-
lows that the DD approach combined with an adaptive time seg-
mentation was preferred over the the standard DD approach.
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