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Abstract

In this paper, we present a speech enhancement technique that
uses a-priori information about both speech and noise. The a-
priori information consists of speech and noise spectral shapes
stored in trained codebooks. The excitation variances of speech
and noise are determined through the optimization of a crite-
rion that finds the best fit between the noisy observation and the
model represented by the two codebooks. The optimal spectral
shapes and variances are used in a Wiener filter to obtain an
estimate of clean speech. The method uses both a-priori and es-
timated noise information to perform well in stationary as well
as non-stationary noise environments. The high computational
complexity resulting from a full search of joint speech and noise
codebooks is avoided through an iterative optimization proce-
dure. Experiments indicate that the method significantly out-
performs conventional enhancement techniques, especially for
non-stationary noise.

1. Introduction

Enhancement of speech corrupted by background noise is a
topic of long standing interest as it has applications in a wide
range of areas. Numerous noise suppression techniques such as
Wiener filtering, subtractive type methods and subspace based
methods have been developed. However, a common feature
of most single channel speech enhancement systems is that
they require some form of noise estimation to obtain infor-
mation about noise statistics. These estimation techniques in-
clude voice activity detection, estimation from initial silence
segments, and more recently methods based on quantiles [1]
and minimum statistics [2]. While the recent noise estimation
techniques are designed to perform well even in non-stationary
noise environments, performance still degrades with increasing
non-stationarity.

One way to overcome this problem is by using a-priori
knowledge about speech and noise. A solution based on this
principle was presented in [3] where a-priori information is
stored in trained codebooks. The method uses two codebooks,
one each for speech and noise auto-regressive (AR) spectral en-
velopes. For a given noisy frame of speech, for each speech
and noise entry from the joint codebook, the excitation vari-
ances and a likelihood score are computed. The score captures
the likelihood that the observed noisy frame is generated by a
given pair of speech and noise spectral shapes, together with
their variances. The codebook entries and the related variances
that globally maximize the likelihood score can then be used in
an enhancement technique such as Kalman or Wiener filtering.
A schematic diagram of this method is shown in figure 1.
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Figure 1: Estimation of excitation variances and spectral
shapes: ¢*,j* are the indices of the selected entries from the
speech and noise codebooks and ¢32, o2 are the correspond-
ing excitation variances.

While the method of [3] is promising, the high compu-
tational complexity incurred by the global search of the joint
codebook limits the size of the speech and noise codebooks.
Smaller codebooks provide poorer representation of the signals
resulting in inaccurate estimation. In [3], a 10-bit speech code-
book (AR model order 8) and a 4-bit noise codebook (AR model
order 6) were used. In this paper, we present an iterative scheme
that eliminates the need for a complete search through a joint
codebook. The method uses both estimated noise information
and a-priori information to reduce complexity and achieve bet-
ter performance. We also present new optimization criteria and
estimation of the excitation variances.

Other methods that use a-priori information include a code-
book based Wiener filter approach [4] and hidden Markov
model (HMM) based methods [5]. In [4], a speech codebook
is used to obtain an updated estimate of the clean speech LPC
vector from the current estimate at each iteration. However, the
method depends on noise estimation to obtain the initial esti-
mate of clean speech resulting in poor performance for non-
stationary noise. The method proposed in this paper is different
in that a-priori information about both speech and noise is em-
ployed to actively estimate the respective excitation variances
and spectral shapes. In HMM based techniques, the clean signal
is modelled using Gaussian AR HMMs and noise is modelled
as a Gaussian AR process. The minimum mean-squared error
(MMSE) estimator of clean speech given the noisy speech is ob-
tained as a weighted sum of MMSE estimators corresponding to
each state of the HMM for the clean signal. The method pro-
posed in this paper and the method of [3] both differ from the
HMM-based methods in that they employ trained codebooks
of AR spectral shapes instead of HMMs. Many existing speech
coders are linear predictive analysis by synthesis (LPAS) coders
that contain codebooks of AR parameters obtained through lin-
ear prediction. The output of the proposed enhancement system
can directly be used in LPAS speech coders.



2. Parameter estimation

Consider an additive noise model where speech and noise are
independent:

y(n) = z(n) + w(n), (1
where y(n), z(n) and w(n) represent the noisy speech, clean
speech and noise respectively. For each frame, the noisy spec-
trum can be modelled by a combination of speech and noise AR
spectral shapes from the respective codebooks, together with
their excitation variances. Given the spectral shapes and excita-
tion variances, the modelled noisy spectrum can be written as
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where o2 and o2 are the excitation variances of clean speech

and noise respectively, and
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where Oy = (azg, ..., 0z,), 0w = (Guwg, - - -, Quw, ) are the AR
coefficients of clean speech and noise with p, ¢ being the re-
spective AR-model orders. The parameters to be estimated are
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The above parameter estimation problem can be solved
by finding the best spectral fit between the observed and the
modelled noisy spectrum, with respect to a particular distor-
tion measure. In general this is a difficult problem, but can be
solved by restricting the search space using a-priori information
in the form of trained codebooks of speech and noise spectral
shapes. For each combination of 0x, 6y, from the speech and
noise codebooks, the excitation variances can be obtained by
minimizing d(P,(w), P,(w)), where d is the chosen distortion
measure and P, (w) is the observed noisy spectrum. The param-
eter set resulting in a global minimum of d( P, (w), P, (w)), for
all codebook combinations will be the optimal solution to the
estimation problem. The conditions for this technique to result
in a unique solution are described in [3].
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2.1. Optimization of log-spectral distortion

The log-spectral distortion between the observed noisy spec-
trum and the noisy spectrum obtained from the model is given

by
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Given a;(w) and a,, (w), the corresponding optimal excitation
variances can be determined by differentiating (4) with respect
to o2 and o2, setting the result to zero and solving the resulting
set of simultaneous equations. First we simplify (4) to ensure
that the resulting equations are linear :
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where we used the approximation In(1 + z) ~ z, for small z,
i.e., small modelling errors. Partial differentiation with respect

dw.
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where the dependency on w has not been shown to facilitate
notation. The resulting solution can be written as:
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The estimation procedure can be summarized as follows.
For each pair of speech and noise spectral shapes from the re-
spective codebooks, the excitation variances are calculated ac-
cording to (6) and the distortion (4) is evaluated. Negative vari-
ances arising due to model errors are set to zero. The speech
and noise spectra globally minimizing the distortion measure
are determined. These spectra with the corresponding excita-
tion variances represent the combination that provide the best
spectral fit to the observed noisy spectrum with respect to the
measure (4).

2.2. Optimization of Itakura-Saito distortion

The Itakura-Saito distortion measure between two spectral den-
sities PP and P is defined as [6]

drs(P, P) = % /(P/P) —In(P/P) —1dw. (7)

For small distortion, using a series expansion for In(z) up to
second order terms, it has been shown that [6]

drs(P, P) ~ %dLs(P, P) 8)

Thus, for small distortions, equation set (6) gives the optimal
excitation variances for the Itakura-Saito measure as well.
2.3. Optimization of the log-likelihood criterion

Under Gaussianity assumptions, the log-likelihood function to
be maximized can be shown to be [3]:
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The optimal excitation variances are obtained by differentiating
(9) with respect to o2 and o2, and setting the partial derivatives
to zero. This results in the following equations:
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One possible solution to (10) is when the codebooks con-
tain entries such that P,(w) = P,(w) [3]. Thus the excita-
tion variances are obtained by minimizing the spectral distance
dsp(P,, P,) between the modelled and observed noisy spectra
resulting in
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The above equation set is different from the one obtained
in [3] where the variances are obtained by minimizing
1Py (w)laz (@) ?|aw (w)|* — 02 |aw (W) |* ~ 07 laz (w)[*)?]], in-
stead of dsp (Py, Py).

The described log-likelihood approach has a mismatch be-
tween the criterion used in the variance estimation (spectral
distance) and the criterion used in the global search (log-
likelihood). The log-spectral distortion and Itakura-Saito dis-
tortion based estimators use the same criterion in both steps,
thus avoiding this mismatch.

2.4. Envelope vs. periodogram

The variance estimation in the three methods described above
is performed using symmetric distortion measures. Since the
model provides the spectral envelope, to get a good fit between
the observed and modelled spectra satisfying the assumption of
small errors, it is necessary to use the envelope of the observed
noisy speech instead of the periodogram i.e.,
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where a,, are the order-r AR-coefficients of the noisy signal
and UZ is the corresponding excitation variance.
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3. Iterative parameter estimation

An important feature shared by the proposed method and the
method presented in [3] is the potential to perform well in the
presence of non-stationary noise. The use of a noise codebook
eliminates the need for noise estimation techniques, most of
which perform well only for stationary noise. However, since
estimation algorithms do work well for stationary noise, using
estimated noise information could provide better performance
than just using a-priori information. This is more so if the con-
straint on the noise codebook size results in a poor represen-
tation. In the following, we present an iterative scheme that
attempts to combine the best features of both techniques. The
iterative scheme also leads to significantly reduced complexity.

In the first step, an estimate of the spectral shape of noise
is obtained using any noise estimation technique, for example
the minimum statistics approach [2]. This estimate is used to
search through the speech codebook to obtain the speech spec-
tral shape that minimizes the relevant distortion measure. For
example, for log-spectral distortion, the search involves calcu-
lating the excitation variances according to (6) and evaluating
(4) for each speech codebook entry. The optimal speech spec-
tral shape that results from this search is now used to find the
best noise spectral shape from the noise codebook. The itera-
tive procedure of alternatingly finding the optimal speech and

For each frame of noisy speech

i=0
a'? =Estimated noise spectral shape
repeat
i:=141
Search speech CB with aw Y o obtain am 2< ), 012,)(1)

Search noise CB with ax) to obtain aﬁu), Uz( ), O 2 ()

until convergence

Table 1: Iterative search algorithm

noise codebook entries and the associated variances continues
until convergence, where convergence is said to occur when
there is no improvement in the distortion measure used in the
search. It may happen at the first step of the iteration that the
estimated shape is better than all entries in the noise codebook.
In this case, the iteration is terminated. Each iteration reduces
the value of the chosen distortion measure. This, together with
the fact that the codebooks are of finite size, guarantees conver-
gence. In practice it might be useful to define an upper bound
on the number of iterations to avoid a full search of the joint
codebook. The complete algorithm is presented in table 1.

A large reduction in complexity results from not having a
joint search through both codebooks. Consequently, it is possi-
ble to increase the size of the codebooks to provide better signal
representation. It is possible for the iterative scheme to con-
verge to a local optimum. This can be overcome to some extent
by selecting at each stage the N best entries from the speech
(noise) codebooks instead of just one. We refer to these IV best
entries as a subset.

4. Experimental results

To evaluate the performance of the proposed iterative method,
experiments were conducted using ten utterances, five male and
five female, from the TIMIT database. Neither the speakers
nor the utterances were used in the training of the speech code-
book. A 10-bit speech codebook (AR model order 10) and a
6-bit noise codebook (AR model order 6) were used in the ex-
periments. The speech codebook was trained using the gen-
eralized Lloyd algorithm with 10 minutes of speech from the
TIMIT database using the Itakura-Saito distortion measure [7].
The noise codebook was trained using white Gaussian noise,
aircraft noise and vehicle noise from the Noisex-92 database.
Experiments were conducted for noisy speech at 5 dB and
10 dB input SNR for aircraft noise, (obtained from the Noisex-
92 database), stationary white Gaussian noise, an artificially
generated non-stationary white noise source (NS-1) and a real
world non-stationary noise (NS-2). Noise data used in the ex-
periments were not included in the training. The non-stationary
white noise was generated by alternating the variance of white
Gaussian noise every 500 ms between o and 1000002 A
sample signal segment is shown in figure 2. The other non-
stationary noise type was obtained by recording noise on a free-
way as perceived by a pedestrian standing at a fixed point. A
frame length of 240 samples with 50% overlap, with a Hann
window was used in the codebook training and experiments.
The LPC orders were 10, 6 and 16 for clean speech, noise and
noisy speech respectively and the coefficients were obtained us-
ing the autocorrelation method. The subset sizes for the itera-
tive method were experimentally determined and were fixed at
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Figure 2: Artificially generated non-stationary white noise for
2
o =1.

10 entries for speech and 5 entries for noise. The Wiener filter
was constructed as
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While in theory it is possible to iterate several times till
the search complexity becomes equivalent to a full search of
the joint codebook, in practice convergence was found to oc-
cur quite early in the iteration. For a subset size of one, the
method converged after three iterations. For higher subset sizes
such as three, convergence occurred after two iterations. This
is intuitive since we expect convergence to occur earlier as
the subset size is increased, since in the limit the subset size
would be equal to the codebook size. To see the reduction
in complexity due to the iterative method, let m, n denote the
number of entries in the speech and noise codebooks respec-
tively, let ms,ns be the cardinality of the speech and noise
subsets, and let N denote the number of iterations. The non-
iterative technique requires searching through mn combina-
tions of codebook entries. The number of searches for the it-
erative method is N (msn + mns) ~ Nmns since the latter
term dominates the sum. Thus there is a reduction in complex-
ity provided Nns; < n. In the experiments, these values were
ns = 5,n = 64 and the average value of N was observed to be
2.
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For performance comparisons, the following methods
were implemented: the proposed log-spectral distortion (LS),
Itakura-Saito distortion (IS) and log-likelihood (LL) based esti-
mators, simple Wiener filtering and codebook constrained iter-
ative Wiener filtering (CCIWF) [4]. For all methods, noise es-
timation was performed using the minimum statistics approach
of [2]. The simple Wiener filter was constructed according to
(13). The clean spectrum was obtained by subtracting the es-
timated noise spectrum from the noisy periodogram, followed
by an LP-analysis to obtain the excitation variance and the AR-
coefficients. The CCIWF method was implemented according
to [4].

Tables 2 and 3 compare the performance of the different
methods. The results shown in the tables were obtained by av-
eraging the SNR results for each of the ten utterances. For sta-
tionary noise, the performance of the proposed estimators based
on log-spectral distortion and Itakura-Saito distortion is compa-
rable to the performance of CCIWE. This is to be expected since
noise estimation works well for stationary noise. A possible
reason for the relatively poor performance of the log-likelihood
based estimator could be the mismatch in the criterion used for
the variance estimation and the one used for the global search.
The three proposed methods and CCIWF perform better than
just using a Wiener filter in the enhancement. For both the non-
stationary noise types, the proposed methods perform signifi-

cantly better than Wiener filtering and CCIWF. The latter two
result in little or no gain in SNR for the non-stationary white
noise and moderate gain for the freeway noise.

Noise Type | Wiener | CCIWF | LL LS IS

White 10.0 10.8 10.5 | 105 | 111
Aircraft 9.6 10.7 10.2 | 109 | 11.0
NS-1 5.1 5.1 8.8 9.6 | 10.3
NS-2 7.1 7.7 9.8 | 10.1 | 104

Table 2: Avg. SNR values for noisy speech at 5 dB input SNR

Noise Type | Wiener | CCIWF | LL LS IS

White 13.9 14.4 139 | 142 | 14.6
Aircraft 13.7 14.2 133 | 14.1 | 142
NS-1 10.2 10.1 12.1 | 129 | 135
NS-2 11.9 12.2 13.1 | 13.3 | 13.6

Table 3: Avg. SNR values for noisy speech at 10 dB input SNR

5. Conclusions

Using a-priori information about speech and noise results in
improved speech enhancement, especially under non-stationary
noise conditions where conventional methods fail. The results
are consistent with the notion that using estimated noise infor-
mation in addition to a-priori information leads to good perfor-
mance. The iterative search technique presented in this paper
avoids the high complexity associated with full search of the
joint speech and noise codebook. Experiments show promis-
ing results and indicate that a-priori information based methods
could be a topic for further research.
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