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Abstract
In this paper, we evaluate a recently proposed spectral enve-
lope estimation method, stabilized weighted linear prediction
(SWLP), in the feature extraction stage of a large vocabulary
continuous speech recognizer (LVCSR) system. Using speech
recorded in real-world noisy environments, we compare recog-
nition error rates obtained with SWLP to those given by the
conventional spectrum estimation methods in feature extraction.
We use large vocabulary speech that is simultaneously recorded
using a headset, lavalier and a fixed medium-distance micro-
phone. When the recognizer is trained using a multicondition
training set the results do not differ significantly. However,
when the models are trained with clean speech and evaluated
in noisy environments, the SWLP models perform significantly
better than the conventional MFCC in all environments and in
all recording settings.

1. Introduction
Searching efficient feature representations for speech data is one
of the key issues in building speech recognition systems. Evi-
dently, the feature extraction phase should retain only the in-
formation necessary for differentiating between potential mean-
ings, and discard as much as possible of the speaker dependent
variations such as the harmonic structure.

Mel-frequency cepstral coefficients (MFCCs) have been
widely used as a feature set for speech recognition [1]. The
method is based on computing the cepstral coefficients of the
short-term spectrum estimate, smoothed by a perceptually mo-
tivated mel-scaled filterbank. However, the perceptual smooth-
ing is only partially efficient in removing the harmonic structure
present in speech. In addition, the resulting features are not par-
ticularly robust in the case of noisy speech [2].

Minimum Variance Distortionless Response (MVDR) [3]
modeling has been used in feature extraction for speech recog-
nition by replacing the short-term FFT magnitude spectrum in
the MFCC computation with the MVDR all-pole spectrum. The
MVDR method enables computing smooth spectral envelopes
of voiced speech without modeling the harmonic structure. The
perceptual frequency representation, such as the mel-frequency
scale, can be integrated into the MVDR spectrum estimation
by computing MVDR model parameters directly from the mel-
filterbank output. This method is advantageous both in terms
of its performance and computational cost: compared to the
original FFT spectrum, the perceptual mel-scale smoothing im-
proves reliability and reduces dimensionality of the spectrum
estimate [4].

Linear prediction (LP) [5] is a traditional method to com-
pute all-pole models for spectral envelopes of speech. It is

well-known, however, that the performance of LP deteriorates
in modeling of high pitch voices because the spectral mod-
els are biased by the relatively sparser harmonic structure of
speech. In addition, the performance of LP is vulnerable to
noise. The weighted linear prediction (WLP) attempts to im-
prove the noise-robustness of conventional LP by utilizing a
temporal weighting function in defining the optimal filter coeffi-
cients [6]. With temporal weighting, the contribution of speech
samples with a higher signal-to-noise ratio (SNR) can be in-
creased in the computation of LP models. Moreover, in mod-
eling of voiced speech, the use of the short-time energy (STE)
weighting function enables emphasizing the role of speech sam-
ples located in the closed phase of the glottal cycle thereby con-
centrating the spectral modeling on a time span during which
the speech formants are most prominent. Because the original
WLP method does not guarantee the stability of the resulting
all-pole model, a new method, Stabilized Weighted Linear Pre-
diction (SWLP), was recently proposed [7].

In this paper, SWLP is used as a method for spectral es-
timation in feature extraction for a large vocabulary continu-
ous speech recognition (LVCSR) system. This study compares
SWLP to other widely used spectral estimation methods: FFT
and conventional LP. In the further stages of feature extraction,
spectra modeled with FFT, LP or SWLP are used to produce
MFCC features for the LVCSR system. Earlier work on SWLP
includes spectral distortion measurements and subjective listen-
ing tests on speech corrupted with Gaussian white noise, as well
as automatic speech recognition tests in an isolated word recog-
nition task using pre-recorded noise data added to clean speech.
The current study extends the previous studies [7] by comparing
the speech recognition performance of different spectral enve-
lope estimation methods on large vocabulary Finnish continu-
ous speech material recorded under real noisy conditions.

2. Methods
Our speech recognition experiments utilize different feature ex-
traction methods which are described in this section. The em-
phasis is on the computation of the SWLP based feature repre-
sentation.

2.1. Stabilized weighted linear prediction

In the linear prediction model, a sample xn is estimated as

x̂n = −
pX

i=1

aixn−i, (1)

where p is the model order, and ai ∈ R are the linear pre-
diction coefficients. By denoting a = [1 a1 · · · ap]

T and
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Figure 1: Spectral envelopes of order p = 20 computed for a
clean vowel with conventional linear prediction (LP), and sta-
bilized weighted linear prediction (SWLP).

xn = [xn · · · xn−p]
T we get the prediction error εn(a) in

matrix form as

εn(a) = xn − x̂n = aTxn. (2)

By utilizing the concept of the weighted linear prediction,
the components of the coefficient vector a are found by mini-
mization of a cost function E (a) =

PN+p
n=1 (εn(a))

2wn. This
can be written in matrix form as follows:

E (a) = aTRa. (3)

In the WLP method the autocorrelation matrix R =PN+p
n=1 wnxnx

T
n isweighted, while in conventional LP the tem-

poral weights are not used: wi = 1, i ∈ [N + p].
To ensure the stability of the resulting model, the stabilized

WLP uses a modified autocorrelation matrix R in equation 3
[7]. The WLP autocorrelation matrix can be written as R =
YTY, where the columns yk ofY are

y0 = [
√
w1x1 · · · √wNxN 0 · · · 0]T (4)

yk+1 = Byk, k = 0, 1, . . . , p− 1,

and matrix B has the secondary diagonal values Bi+1,i =p
wi+1/wi and is zero elsewhere. For the stabilized version

(SWLP), these secondary diagonal entries are modified to be

Bi+1,i =

j p
wi+1/wi, if wi ≤ wi+1,

1, if wi > wi+1.
(5)

The selection of the weight function wn is important in de-
termining the behavior of the model. Similarly to [6] and [7],
this study utilizes the short-time energy (STE) as the weighting
function:

wn =
M−1X
i=0

x2
n−i−1. (6)

The parameterM controls the window length of the STE func-
tion. Values of M used in the experiments were chosen based
on recognition results for the development data sets. The effect
of theM parameter is illustrated in Fig. 1.

2.2. Feature extraction

The three feature extraction methods compared in this paper
used different spectrum estimation methods, based on stabilized
weighted linear prediction (SWLP), conventional (unweighted)
linear prediction (LP) and short term FFT. In all cases the audio
data, sampled at 16 kHz, was first pre-emphasized with a filter
of the form 1− 0.97z−1 and divided into partially overlapping
Hamming-windowed frames of 256 samples, at a frame rate of
125 frames per second.

The baseline method employed in this paper, referred to
as MFCC, was a straight-forward computation of the mel-
frequency cepstral coefficients. The FFT was used to find an
estimate of the short-term magnitude spectrum. A filterbank of
23 logarithmically spaced triangular filters was then applied to
compute the perceptually smoothed spectrum. The cepstral co-
efficients were obtained as the discrete cosine transform of the
logarithm of the filterbank output.

The proposed feature extraction method, referred to as
SWLP-MFCC, was based on the stabilized WLP formulation.
In this method, the SWLP model coefficients were first derived
from the windowed audio frames, using weights computed with
the STE function (equation 6). The impulse response of the con-
structed model was then used as input for MFCC computation
identical to the first method. The chosen SWLP model order
was p = 20, based on earlier smaller scale experiments.

To evaluate the effectiveness of the weighting in the LP
model construction, the SWLP results were also compared to
conventional LP models. The algorithm used was identical to
the SWLP-MFCCmethod, except that instead of using the STE
function all weights were set to unity. This method is referred
to as LP-MFCC. In addition, preliminary development set ex-
periments were made with the MVDR-based methods such as
PMCC [3, 4], but these were not included in the final results due
to their unexpectedly low performance.

The final feature vectors used were 39-dimensional, con-
taining 12 cepstral coefficients, the logarithmic frame energy
and their first and second derivatives. Cepstral mean subtraction
(CMS) was applied to the cepstral coefficients and the energy
term. The feature vectors were also normalized to have a zero
mean and unit variance, and finally a maximum likelihood lin-
ear transformation (MLLT) estimated during the training phase
was applied.

3. Experimental evaluation

3.1. Speech material

Material from the SPEECON [8] Finnish language corpus was
used in the experiments. Two different training sets were con-
structed. The first training set consisted of approximately 21
hours of clean speech, from 293 separate speakers. The sec-
ond training set was of similar size, but contained an even split
of clean and noisy speech, with noisy recordings both from the
public place and car environments. SNR estimates provided by
the recording platform give an average SNR of 26 dB for the
clean speech and 12 dB for the noisy recordings.

Test data from two different environments were used for the
feature extraction method evaluations. In both cases, the recog-
nition tests were performed using three audio channels corre-
sponding to three different microphones which were recorded
simultaneously at various distances. Smaller development sets
of similar data were used to tune the parameters of the evaluated
methods.



The first evaluation set utterances were recorded in a mov-
ing car, and the set contained 30 read phonetically rich sen-
tences for each of the 20 speakers, with a total length of 57
minutes including the leading and trailing silences. The cor-
responding development set length was 29 minutes. Channel
0 microphone was a headset microphone positioned 2–5 cen-
timeters away from the speaker’s mouth. Channel 1 audio was
recorded with a lavalier microphone positioned between the
chin and the shoulder of the speaker. Finally, channel 2 was
recorded with a medium-distance microphone mounted at the
car ceiling behind the rear-view mirror. Average SNR estimates
for the evaluation sets were 14 dB, 5 dB and 8 dB for channels
0, 1 and 2, respectively.

Second evaluation set recordings were done both indoors
and outdoors in public places, and contained various types of
noise such as speech, footsteps etc. in the background. The
evaluation set contained 30 read sentences from 30 separate
speakers and had a length of 94 minutes, while the develop-
ment set had a length of 60 minutes. Channel 0 and 1 micro-
phones were identical to the first evaluation set, but channel
2 was recorded with a different medium-distance microphone
placed 0.5–1 meter away from the speaker. The average SNR
values for this data set were 24 dB, 14 dB and 9 dB, again for
channels 0, 1 and 2, respectively.

3.2. Experiment setup

The speech recognition experiments were performed with our
large vocabulary continuous speech recognizer. The language
model of the recognizer is an n-grammodel trained with a grow-
ing method [9] on a Finnish language data set containing book
and newspaper data, to a total of approximately 145 million
words. The language modeling units used by the n-gram model
are statistical morphs learned from the text data with an unsu-
pervised method [10]. The decoder employs a one-pass time-
synchronous Viterbi beam search algorithm [11]. The acous-
tic model is based on cross-word triphones modeled with state-
clustered hidden Markov models using Gaussian mixtures. The
model states use a mixture of on average 16 Gaussians to model
the speech feature space and an additional Gamma probability
distribution function for state duration modeling [12]. Separate
lmscale values, derived from development set recognition re-
sults, were used with the different spectrum estimation methods
in clean or noisy environments.

3.3. Parameter optimization

The letter error rate (LER) was used as the primary performance
measure, for which optimizations were conducted and statistics
were calculated. Word error rates (WER) are shown as a sec-
ondary measure for completeness. The WER, despite being a
more common measure for other languages, is not well suited to
Finnish, because Finnish words are often concatenations of sev-
eral morphemes and correspond to more than one word in En-
glish. As an example, word like ‘kahvin+juoja+lle+kin’ trans-
lates to ‘also for a coffee drinker.’

TheM parameter values controlling the STEwindow width
in the SWLP-MFCC feature extraction method were derived
from development set recognition results. STE window widths
ranging from M = 16 to M = 48 were used in the experi-
ments. Notably, for the clean speech training, it was found ad-
vantageous to use a larger window width of M = 24 samples
when recognizing the noisier speech of channel 2 of both the
“car” and “public place” environments, even though the model
had been trained using aM = 16 sample window.

In this study, fixedM parameter values were used for each
data set. The robustness of the spectral envelope extraction
clearly depends on theM parameter, which is likely to have dif-
ferent optimal values in different noise conditions. Therefore,
we argue that adaptive adjustment of theM parameter towards
its optimum would lead to improved recognition results. Con-
sidering adaptation where theM value would be selected inde-
pendently for each recognized sentence, one theoretical lower
bound for the average letter error rate can be obtained by using
the reference transcripts to select for each sentence theM value
leading to the lowest letter error rate. This method, referred to
later as oracle-based M -value adaptation, was investigated by
using a subset of the development data sets.

3.4. Recognition results

The recognition results for the public place and car evaluation
sets for clean speech and multicondition training are collected in
Table 1. The three different systems compared here are based on
the FFT-MFCC, LP-MFCC and SWLP-MFCC feature extrac-
tion methods. Wilcoxon signed rank test was used for pairwise
statistical comparisons between the letter error rates of different
systems for the public place and car data sets in combination
(see Table 2).

Note that the letter error rate results for of the “car” data
set are lower for channel 1 (lavalier microphone, SNR 5 dB)
than for channel 2 (medium-distance microphone, SNR 8 dB) in
spite of the lower SNR estimate given by the recording system.
Our spectral analysis revealed as a likely explanation that the
low SNR estimate is caused by high noise levels at frequencies
below 200 Hz, which are outside the spectral areas important
for speech recognition.

When using models trained with clean speech only, both
linear prediction based methods SWLP-MFCC and LP-MFCC
show improvements in the LER compared to baseline MFCC
for channels 1 and 2 which have lower SNR values. Table 3
shows the relative improvements of the linear prediction based
approaches over the baseline MFCC method in the letter error
rates for the different recording channels of a combined “car”
and “public places” data set. The relative improvements can be
seen to become more marked as the analyzed speech becomes
more affected by noise.

The differences between the linear prediction based meth-
ods and the baseline MFCC are statistically significant for both
channels 1 and 2. Furthermore, the recognition results of the
SWLP-MFCC system are also slightly better when compared
to the unweighted LP-MFCC system, reaching statistical signif-
icance in case of the more difficult recognition task of channel
2.

With models trained in multiple noise conditions, the dif-
ferences between systems using the three different feature ex-
traction methods are diminished and none of the statistical pair-
wise comparisons between the systems reached significance.
For multicondition training, the MFCC system is most often the
best performing with marginal differences to the linear predic-
tion based systems.

Development set data was also used for a preliminary inves-
tigation of adaptively selecting theM parameter values. Table
4 presents average letter error rates for the MFCC and LP base-
line systems, the SWLP feature extraction method with a fixed
M parameter, and finally the SWLP feature extraction using the
per-sentenceM values of least errors.



Table 1: Letter error rate (word error rate) percentages for the compared models.

“Car” test set, models trained with clean speech.

channel
method 0 1 2

MFCC 4.0
(14.2)

29.6
(51.9)

68.6
(84.7)

LP-MFCC 3.9
(14.4)

27.2
(49.7)

55.0
(78.9)

SWLP-MFCC 4.0
(14.6)

27.1
(49.5)

53.4
(77.4)

“Car” test set, models trained with noisy speech.

channel
method 0 1 2

MFCC 3.7
(14.0)

6.8
(22.1)

18.0
(38.3)

LP-MFCC 3.9
(14.8)

7.2
(23.4)

17.6
(40.1)

SWLP-MFCC 4.1
(15.1)

7.9
(24.2)

18.2
(39.8)

“Public places” test set, models trained with clean speech.

channel
method 0 1 2

MFCC 3.3
(13.6)

23.4
(41.8)

40.8
(56.5)

LP-MFCC 3.4
(14.2)

20.8
(40.4)

34.9
(53.2)

SWLP-MFCC 3.3
(13.6)

20.4
(41.2)

33.2
(53.6)

“Public places” test set, models trained with noisy speech.

channel
method 0 1 2

MFCC 3.4
(14.1)

6.3
(21.1)

11.9
(28.8)

LP-MFCC 3.6
(14.8)

7.1
(23.4)

12.2
(30.2)

SWLP-MFCC 3.7
(15.0)

6.7
(22.1)

12.0
(30.0)

Table 2: Statistical significance results for pairwise compar-
isons between models using the combined “car” and “public
places” data set. The name of the better system is shown with
the significance level. No statistically significant differences
were found for channel 0 results.

Channel 1

LP-MFCC SWLP-MFCC

MFCC LP-MFCC
(p<0.001)

SWLP-MFCC
(p<0.05)

LP-MFCC (p=N.S.)

Channel 2

LP-MFCC SWLP-MFCC

MFCC LP-MFCC
(p<0.001)

SWLP-MFCC
(p<0.001)

LP-MFCC SWLP-MFCC
(p<0.05)

Table 3: Relative LER improvement (%) of the linear predictive
models trained with clean speech with respect to the baseline
MFCC system.

channel
method 0 1 2
LP-MFCC -1.7 9.8 17.3
SWLP-MFCC -0.7 11.1 20.6

Table 4: SWLP M parameter adaptation test letter error rate
percentages, for models trained with clean speech and tested
with development set data. The letter “c” denotes the “car”
environment, while “p” denotes the “public places” environ-
ment.

channel, environment
method 0, c 0, p 2, c 2, p

MFCC baseline 2.9 3.5 52.0 53.2
LP-MFCC baseline 2.9 3.5 41.2 45.8

SWLP-MFCC, fixedM 2.7 3.4 39.7 42.1
SWLP-MFCC, bestM 2.2 2.8 34.5 39.6



4. Discussion
In this study, a stabilized weighted linear prediction (SWLP)
based spectral envelope estimation method [7] was employed
in the feature extraction stage of a large vocabulary continuous
speech recognition (LVCSR) system. Using the LVCSR system,
SWLPwas compared to two other spectrum estimation methods
based on the short-time FFT and conventional linear prediction
(LP). The tests were conducted with noisy speech data recorded
in different real environments, such as public places and cars.
Furthermore, two different training sets for the LVCSR models
were tested: a set of clean speech material and a multicondition
set including speech recorded in adversely noisy conditions in
cars and public places.

Compared to the baseline MFCC system, the linear pre-
diction based feature extraction methods (SWLP-MFCC and
LP-MFCC) were found to improve recognition rates of noisy
speech significantly, when using LVCSR models trained on
clean speech. Furthermore, results for the SWLP method were
slightly better than those for conventional LP, reaching statisti-
cal significance in the case of the most difficult recording chan-
nel. For the multicondition training case, the differences be-
tween systems diminished and statistical comparisons did not
reach significance.

While our preliminary experiences in using MVDR based
methods in the current LVCSR task were disappointing, we be-
lieve that this line of study deserves further examination [3, 4]
in the near future. Improving the recognition performance of
the SWLP feature extraction method by adaptively selecting the
model parameters, in particular the STE window widthM , has
shown some promise in in our small scale test using the oracle-
based M adaptation. Our future work will consider poten-
tial methods of automatically adapting the STE window width
without utilizing knowledge of the correct recognition result re-
quired by the oracle approach. Furthermore, the oracle-based
M adaptation was limited to using a single M value for each
sentence. Clearly, further improvements might be achieved
with a more frequent updating of the M parameter, e.g. in a
phoneme-wise fashion.
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