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Abstract
In this paper we address the problem of vector quantization of
speech in a noisy environment. We show that the performance
of a vector quantization system can be improved by adapting
the distortion measure to the changing environmental condi-
tions. The proposed method emphasizes the distortion in spec-
tral regions where the speech signal dominates. The method
functions well even when conventional pre-processor methods
fail because the noise statistics cannot be estimated reliably
from speech pauses (as, e.g., in tandeming operations). Ob-
jective tests confirm that the use of environmentally adaptive
measures significantly improves estimation accuracy in noisy
speech, while preserving the quality in the case of clean input.

1. Introduction
Most speech coders that are currently used for low bit rates uti-
lize the linear prediction (LP) model, and vector quantization
(VQ). From the nth speech frame Sn the LP coefficient vector
sn is extracted and compared to all codebook vectors {ck}M

k=1,
where M is the codebook size. The index in of the closest
match, according to a distortion measure d(, ), is transmitted

in = arg min
k

d(sn, ck), (1)

and used to reconstruct the speech spectrum at the decoder. The
gain-normalized log spectral distortion (SD) is widely accepted
as a quality measure of coded speech spectra [1]. It evaluates
the similarity of two auto-regressive envelopes:

dSD(sn, ck) =

∫ π

−π

(log Psn(ω) − log Pck(ω))2
dω

2π
, (2)

where the auto-regressive envelope

Pa(ω) =
1

|1 +
∑p

k=1 ake−jωk|2 . (3)

is based on some LP vector a of order p.
The main advantage of VQ is that transparent quality can

be achieved at lower bit rates than with scalar quantization tech-
niques. In this paper we focus on another property of VQ that
has not been thoroughly exploited: its denoising effect when the
input is observed in noise.

Speech communication systems are typically designed as-
suming that the noise-free source is available. This assump-
tion may not be valid for an application like speech coding for
mobile telephony, where only a noisy version of the source is
available. One may not have access to the clean vector Sn,
but only to some statistically related random vector Yn, i.e.,

Yn = f(Sn, Vn). In this paper, we assume that the signal Yn is
a result of the contamination of a clean speech Sn by an additive
background noise signal Vn:

Yn = Sn + Vn. (4)

Additive background noise degrades the estimation of LP coef-
ficients dramatically. In Fig. 1 we can see the degradation of a
speech spectrum as a result of 10 dB white noise added to the
waveform. The large SD between these two spectra results in a
poor selection from the codebook in the quantization process.
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Figure 1: Clean and noisy spectrum for a representative speech
frame. Speech signal is contaminated with white Gaussian
noise at 10 dB.

The conventional approach to the problem of spectrum
quantization in a case of background noise is to use a pre-
processor for waveform enhancement, as shown in Fig. 2. The
influence of Wiener-filter based noise pre-processing on the per-
formance of speech coder is studied in [2]. There it is reported
that the use of waveform enhancement in some cases even de-
creases the performance. Our simulations with a state-of-the-art
noise suppression system (cf. section 4) confirm these observa-
tions. Pre-processor techniques typically rely on noise statistics
estimated during speech pauses, and do not exploit the a-priori
speech information available in the codebook of LP coefficients.
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Figure 2: Encoding side of a conventional speech coding system
with a waveform noise suppression (NS) pre-processor.

The robustness of VQ can be improved through modifying
the codebook of LP coefficients used in quantization. Code-
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book adaptation with training in noisy conditions is proposed in
[3]. Each codebook vector is changed to account for the Lom-
bard effect and the distortion caused by the background noise.
In [4] the authors assume that the clean signal is contaminated
by white noise at 14 dB SNR, and with that a-priori knowledge
they try to establish a correspondence between the clean and
noisy signal through codebook mapping. A generalization of
the above approaches can be found in [5]. The authors use a
small number of noisy codebooks to ensure robustness under
different noisy conditions. A noise codebook is also used to ei-
ther switch between noisy codebooks or build a noisy codebook
based on the clean codebook.

A more computationally and memory efficient approach,
which is the focus for this paper, is to modify not the code-
book, but only the distortion measure used in quantization. In
Fig. 1 we see that the spectral peaks are relatively immune
to noise and, therefore, a SD that has an equal weight in all
frequencies is not the optimal measure when a noisy signal
is to be quantized. An investigation on the performance of
several LP spectral matching measures in noisy conditions for
speech recognition is done in [6]. The authors report that peak-
weighted measures are most robust. A different form of weight-
ing is used in [7], where the spectral distance is calculated on
a warped frequency scale. High SNR parts like those around
formants are expanded, lower SNR parts are shortened. In [8]
a distance measure based on formants is proposed that exploits
that noise usually affects the high-amplitude formant frequen-
cies least. This measure incorporates the center frequencies and
bandwidths of the first three formants.

2. Environmentally Adaptive Distortion
The above ”weighted” distortion measures are based on the as-
sumption that the type of the distortion is known or that there
are a small number of environmental conditions that are likely
to occur. A practical algorithm has to adapt to different levels
and types of background noise in real-time.

In this paper, we chose to work with the Itakura distor-
tion measure, also known as log likelihood ratio or the gain-
optimized Itakura-Saito distortion measure:

dI(yn, ck) = log

(∫ π

−π

Pyn
(ω)

Pck(ω)

dω

2π

)
, (5)

where yn is the noisy LP vector corresponding to the frame Yn.
This measure has a simple dot product form, which makes it at-
tractive for low complexity speech-coding applications. In ad-
dition, because of its nonsymmetric form, the Itakura distortion
measure has an intuitive frequency weighted form [9] that is
robust to noisy environment. The remainder of this paper is fo-
cused on this measure and its proper adaptation to the changing
noisy conditions.

2.1. Weighted Itakura Distortion Measure

The frequency-weighted Itakura distortion measure, [9], utilizes
a weighting function in the form of a deemphasized version of
the spectrum of the input vector

dWI(yn, ck, λ) = log

(∫ π

−π

P̃yn
(ω, λ)

Pyn
(ω)

Pck(ω)

dω

2π

)
, (6)

here we introduced a deemphasized auto-regressive envelope:

P̃a(ω, λ) =
1

|1 +
∑p

k=1 λkake−jωk|2 . (7)

The parameter λ ∈ [0, 1] controls the level of deemphasis.
λ = 1 corresponds to highest weight (the noisy spectrum itself),
while λ = 0 corresponds to no weight. The relation between
the noisy spectrum and the weighting function for a representa-
tive speech frame, is demonstrated in Fig. 3.
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Figure 3: Noise immunity of the spectral peaks exploited by
weighting function. Deemphasized spectra are scaled for better
visibility.

In [9] the level of emphasis λ was related to the SNR value,
and calculated per-frame, see Fig. 4. This algorithm requires a
noise estimation (NE) module.
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Figure 4: VQ with frequency-weighted Itakura distortion mea-
sure. Adaptation is to the noise statistics.

In [10] it was shown that the mapping from SNR to the em-
phasis factor does not always perform well, since the distortion
caused by a typically colored noise source cannot be modelled
with a single parameter. From Table 1 it is easy to see that the
mapping from SNR to optimal λ, proposed in [9], is not applica-
ble for colored noise sources. Table 1 was generated according
to the pre-training procedure, described in the next section. The
noise spectrum tilt is the coefficient from first order LP analy-
sis of the noise frames. Even though a typical background noise
does not exhibit sharp peaks it seldomly has a flat spectrum. For
example a typical car noise can have a spectrum tilt 0.9, and the
SNR based λ will be overestimated significantly.

Table 1: Optimal emphasis factor for a given SNR and noise
spectrum tilt. λ values averaged over a speech database.

Tilt
SNR (dB) 0.0 0.3 0.6 0.9

5 0.80 0.75 0.60 0.20
10 0.70 0.60 0.40 0.10
15 0.50 0.40 0.20 0.05

The algorithm, proposed in [10] extends the logic in Fig.
4 by means of two parameters for the background noise. For a
given SNR and noise spectrum tilt an optimal λ value is selected
from a lookup table.



2.2. Measure Adapted to the Noisy Speech Statistics

Another interpretation of the weighting factor P̃yn
(ω, λ) is that

it compensates for the increased spectrum flatness caused by
the noise, see Fig. 3. Instead of mapping the noise statistics
to the optimal emphasis factor, it is natural to find a direct rela-
tion between the level of distortion caused by the noise (spectral
flatness) and the optimal emphasis. Therefore, we introduce a
distortion measure adapted to the changes in the noisy spectrum,
caused by the background noise:

dFI(yn, ck, µ) = log

(∫ π

−π

P̃yn
(ω, µ)

Pyn
(ω)

Pck(ω)

dω

2π

)
, (8)

where µ = µ(Φ) is the deemphasis factor of the proposed
method, and Φ is an averaged spectral-flatness measure, defined
as

Φ =
1

L

−L+1∑
n=0

exp
(∫ π

−π
ln (Pyn

(ω)) dω
2π

)
∫ π

−π
Pyn

(ω) dω
2π

. (9)

Here L is the number of past voiced frames used in averaging.
We classify a noisy speech segment as voiced if the correspond-
ing coefficient from the first order LP analysis is positive.

The relationship between µ and Φ is found by means of
simulations. We create a noisy-speech database by adding ar-
tificially created noise sources with different spectrum tilts to
clean speech at different overall SNR levels. The step size was
chosen to be 5 dB for the SNR and 0.3 for noise spectral tilt.
Then for each noise type and level, through a grid search we ob-
tain the optimal µ-values that minimize the overall SD between
the clean spectrum and the noisy spectrum, quantized with (8).
We found that it is sufficient to use a simple linear regression to
map the set of calculated Φ to the set of optimal µ-values:

µ = aΦ + b. (10)

The optimal values for the linear regression coefficients {a, b}
were found to be {2.27,−0.35}. In Fig. 5 we see the relation
between the optimal deemphasize, estimated deemphasize, and
the averaged spectral flatness measure, for noise with varying
spectrum tilt at 10 dB SNR.
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Figure 5: Results averaged over one speech sentence, contam-
inated with noise at 10 dB SNR, but with different spectrum
tilts.

The previously proposed methods of [9] (λ = λ(SNR)) and
[10] (λ = λ(SNR, Tilt) require estimation of the noise statis-
tics, which is a nontrivial task in a single channel case. In con-
trast, µ = µ(yn, . . . , yn−L) is adapted directly to the type of
distortion caused by the environmental noise. Thus, we avoid

the problem of having to create a sophisticated noise model and
having to estimate the parameters of such a model. The pro-
posed algorithm is also expected to be more robust in tandem-
ing scenarios, where the noise statistics in speech pauses may
differ significantly from the statistics of the residual noise in the
speech high-energy speech frames.

3. Complexity
The complexity of the distortion measure used in VQ is a criti-
cal issue. The conventional Itakura (5) and the weighted Itakura
distortion measure, (8) have a simple dot product form, and the
details can be found in [9]. The spectral-flatness measure can
be represented as the ratio between the infinite-order prediction
error and the signal variance, i.e.,

σ2
∞

σ2
0

=
exp

(∫ π

−π
ln (P (ω)) dω

2π

)
∫ π

−π
P (ω) dω

2π

. (11)

Based on this fact and our simulations we found that it is suffi-
cient to approximate the averaged spectral-flatness measure (9)
as

Φ ≈ 1

L

−L+1∑
n=0

(
σ2

10(n)

σ2
0(n)

)
, (12)

where σ2
0(n) is the variance of the speech signal, and σ2

10(n) is
the tenth order prediction error, for the nth frame. Therefore,
the total additional complexity due to replacing the conventional
distortion measure (5) with a weighted distortion measure (8) is
insignificant.

4. Simulations
The clean speech sentences used in simulations are from the
TIMIT database [11]. The test material was low-pass filtered
and resampled to 8 kHz. The noise files used to artificially cre-
ate the noisy speech are from the ITU-T coded-speech database
[12]. The LP coefficients were extracted from Hann-windowed
20 ms blocks of the speech signal. A tenth-order LP (p = 10)
analysis was used. A two-stage 2x12-bit speech codebook was
trained using the generalized Lloyd algorithm [13] with speech
from the TIMIT database. Φ was estimated after averaging over
the last 20 speech frames, i.e., L = 20. The overall SD used in
the training and evaluation process is given by

SD =
1

N

√√√√ N∑
n=1

∫ π

−π

(
10 log10

(
Psn(ω)

Pc∗n(ω)

))2
dω

2π
, (13)

where N is the total number of frames. c∗n is the closest code-
vector for the input noisy vector yn, and sn is the corresponding
clean LP vector.

We performed simulations to evaluate the performance of
the proposed adaptive distortion measure (8). As reference sys-
tems we used i) the conventional Itakura distortion, ii) the pre-
viously proposed weighted-Itakura [10], adapted to the noise
statistics, and iii) a combination of a state-of-the-art noise sup-
pression system [14] and the conventional Itakura distortion.
The minimum-statistics noise estimation algorithm [15] was
used to estimate the SNR and the tilt of the noise required for
the weighted-Itakura. The original measure proposed in [9] was
not used in the tests, since it is not designed for the colored noise
case resulting in poor performance, as indicated by Table 1.

The LP coefficients from ten speech sentences (five male
and five female speakers) were quantized with the proposed and
the three reference systems. The performance was evaluated in



terms of overall SD. In addition, we study the robustness of the
systems under test in the case of tandeming. The noisy signal
was first processed by the Adaptive Multi-Rate speech codec
[16], and this signal was used as an input to the quantization
algorithms. The results from the simulations are presented in
Table 2. We observe that the performance of the proposed dis-

Table 2: Evaluation in terms of SD for two noise types at 5 dB
and 15 dB input SNR. Quantization systems under test: con-
ventional Itakura measure dI , noise suppression from EVRC +
dI , frequency weighted-Itakura dWI , and the proposed flatness
adaptive measure dFI . The case of tandeming is denoted by
T-SD.

Noise Type / SNR System Type SD (dB) T-SD (dB)
Babble 5 dB dI 6.7 6.4

NS+dI 6.1 6.5
dWI 5.9 6.3
dFI 5.9 6.0

Car 5 dB dI 5.8 6.0
NS+dI 5.7 6.2
dWI 5.4 6.2
dFI 5.3 5.8

Babble 15 dB dI 4.7 4.9
NS+dI 4.9 5.1
dWI 4.3 5.0
dFI 4.3 4.8

Car 15 dB dI 4.0 4.4
NS+dI 4.6 5.0
dWI 3.8 4.9
dFI 3.7 4.1

tortion measure is superior to the reference systems in all cases.
We also note that in tandeming the reference systems decrease
the overall quality, while the proposed algorithm gives a steady
improvement.

Using the Itakura distortion, instead of the SD in the en-
coder leads to a negligible increase in SD (on the order of 0.02
dB), when quantizing clean speech. Additional simulations
with a clean signal showed that the weighted distortion mea-
sures converge to the conventional Itakura, without additional
quality degradation. For noisy speech it is slightly better to use
the conventional Itakura distortion than SD. We can therefore
argue that, in noisy conditions, the proposed quantization mea-
sure (8) is superior to quantization with SD, or measures that
approximate SD.

5. Conclusions

VQ with an environmentally adaptive distortion measure out-
performs conventional quantization schemes in the case of a
background noise without any degradation in the case of a clean
signal. Objective tests show that the proposed scheme is supe-
rior to conventional VQ with a pre-processor noise suppression
system, especially in the case of tandem coding. This latter re-
sult suggests that the proposed method is advantageous in the
emerging heterogeneous network environment. Another dis-
tinctive feature of the proposed distortion measure is that it has
essentially identical computational complexity and memory re-
quirements as a conventional distortion measure.
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