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Abstract

This paper presents in-car speech recognition using a model-
based Wiener filter (MBW) and multi-condition (MC) training.
The MBW is a 2-step denoising algorithm based on both rough
and precise estimation of speech signals. Correcting roughly es-
timated signals with a Gaussian mixture model (GMM) makes
it possible to accurately denoise with little computational cost.
In an evaluation of in-car speech recognition, training of both
a GMM and a back-end hidden Markov model (HMM) was
performed using both studio-recorded speech signals as well as
those signals mixed with in-car noise signals that were recorded
in real car environments. In-car speech signals for testing were
recorded with a plurality of microphones in different car en-
vironments. With respect to word accuracy obtained with MC-
trained HMM, it was confirmed that the MBW with MC-trained
GMM outperformed the Noise Reduction in ETSI advanced
front-end.
Index Terms: in-car speech recognition, model-based Wiener
filter, denoising, multi-condition training, noise robustness

1. Introduction
Much research attention has been devoted to noise-robust
speech recognition [1–6]. For in-car speech recognition, be-
cause the dominant sources of noise are relatively limited, back-
end acoustic models trained under a relatively small variety of
conditions can be effective with respect to noise robustness.
Differences between noise conditions in training and those in
testing can, to a degree, be compensated for using a front-end
denoising method [1–8], but the degree of compensation will
naturally depend on the particular denoising method employed.

Statistical-model-based denoising approaches [1–4] are ro-
bust against various kinds of noise because of their pre-trained
knowledge of speech. There are two types of model-based de-
noising approaches. One type [1, 2] requires two statistical
models, a clean speech model and that same model as it has
be adapted for given noise conditions. Using these models, a
denoised speech signal can be produced by first estimating the
mismatch between clean and noisy speech and then subtracting
that mismatch from the noisy input. For accurate mismatch es-
timation, however, the noise-adapted model has to be frequently
updated using a model adaptation technique, and depending on
the size of the model, computational overhead may be signifi-
cant.

In the other type of model-based denoising, which employs
our proposed model-based Wiener filter (MBW) [3] and word-
graph-based feature enhancement [4], model adaptation is ba-
sically unnecessary. In its place, less computationally expen-
sive signal-processing-based denoising [5–8] is employed. De-
noised speech signals are corrected using a clean speech model.

Wiener gain calculated on the basis of the corrected signals is
used as a weighting factor for denoising. We have reported
in [3] that after training under clean conditions a front-end with
our proposed MBW was more robust to noise than the ETSI ad-
vanced front-end (AFE) [5] in the AURORA2-J task, that is, the
Japanese version of the AURORA2 task. Also, Yan et al. have
reported in [4] that the use of word graphs contributed to noise
robustness in the AURORA2 task after clean-condition training.
There is no report, however, of this type of model-based de-
noising being applied under conditions in which the same type
of noise source used in testing was also used in training, nor is
there any report of actual recorded noisy signals being used in
testing.

This paper presents in-car speech recognition that employs
model-based Wiener filter and multi-condition training. Section
2 describes our MBW that is modified for in-car speech recogni-
tion from [3]. In Section 3, evaluation results for in-car speech
recognition is reported.

2. Model-based Wiener filter

Figure 1 shows our speech recognition system containing a
model-based Wiener filter (MBW). Modifications from MBW
proposed in [3] are mainly the White Noise Add module for
precise noise modeling and the Selection module for accurate
speech enhancement.

Assuming that a speech signal s(k) is corrupted by an ad-
ditive noise signal n(k), an input signal x(k) may be expressed
as

x(k) = s(k) + n(k), (1)

where k is a sample index. In the MBW module, the speech sig-
nal is estimated by denoising. From an estimated s̃(k), a feature
vector Vs̃(t) at frame t is extracted in the Feature Extraction
module. The Decoding module searches word strings, refer-
ring to a multi-condition (MC)-trained hidden Markov model
(HMM), a word dictionary, and an N-gram language model.

The MBW module denoises in the frequency domain. The
Analysis module transforms the input waveform x(k) to its
spectrum X(f, t) at frequency bin f , using windowing and an
Nfft-point fast Fourier transform (FFT). Multiplication of the
spectrum X(f, t) by the Wiener gain W (f, t), which is cal-
culated in the Model-Based Wiener Gain Calculation module,
results in an estimated speech spectrum S̃(f, t). Waveform syn-
thesis for the estimate S̃(f, t) is performed on the basis of in-
verse FFT, synthesis windowing [7] , and overlap-add process-
ing. The Model-Based Wiener Gain Calculation module and
the Wiener filter (WF) module are discussed in detail below.
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Figure 1: Speech recognition system containing a model-based Wiener filter.

2.1. Model-Based Wiener Gain Calculation

The Model-Based Wiener Gain Calculation module consists
of 9 submodules, as shown in Fig. 1. For improved accu-
racy, roughly estimated speech spectra are corrected on the ba-
sis of minimum mean square error (MMSE) estimation with a
clean-condition (CC) or MC-trained Gaussian mixture model
(GMM). The corrected speech spectra are utilized for Wiener
gain calculation.

Pre-emphasis filtering (PEF) is performed on an input mag-
nitude spectrum |X(f, t)| to flatten the overall spectrum. The
PEF module outputs a filtered spectrum X1(f, t).

The Linear to Mel Transform (LMT) module maps
X1(f, t) in the linear-frequency domain to Xm1(b, t) at filter
bank b in the mel-frequency domain, where the number of fil-
ter banks is B. Hereafter, the subscript m indicates the mel-
frequency domain.

The Temporary Denoising module roughly estimates a
speech spectrum S̃m1(b, t) with a 2-step Wiener filter [6]. A
noise spectrum N̄m(b, t) is estimated using weighted noise es-
timation [8].

The White Noise Add module whitens residual noise spec-
tra in S̃m1(b, t) by adding a value for each of the filter
banks to S̃m1(b, t) [9]. The value to be added is calculated
on the basis of the weighted noise estimation. N̄wn(t) =

Nest[
PB−1

b=0 S̃m1(b, t)/B], where Nest [] is the weighted noise
estimation operator. N̄wn(t) weighted by a factor αwn is added,
so that S̃m2(b, t) = S̃m1(b, t) + αwnN̄wn(t).

In the Feature Extraction module, a feature vector Vs̃2(t) is
extracted from S̃m2(b, t). The vector Vs̃2(t) includes the 1st to
V2th mel frequency cepstrum coefficients (MFCCs). Cepstrum
mean normalization (CMN) is applied to the MFCCs with the
V2-dimension cepstrum-mean vector C̄2(t).

In the Expectation module, a more accurate speech spec-
trum is estimated on the basis of MMSE estimation with a CC
or MC-trained GMM, which is produced from the feature vec-
tor Vs̃2(t) for training data. A trained GMM with G Gaussian
distributions is used to calculate a posteriori probability for the
feature vector Vs̃2(t).

P(g|Vs̃2(t)) = P(g)P(Vs̃2(t)|g)/
G−1X
g=0

P(g)P(Vs̃2(t)|g), (2)

where P(g) is the mixture weight of the g-th Gaussian distri-
bution. Using P(g|Vs̃2(t)), an expected spectrum S̃mE(b, t) is
obtained by

S̃mE(b, t) = exp

"
G−1X
g=0

P(g|Vs̃2(t))μmg(b) + C̄m(b, t)

#
. (3)

μmg(b) is the logarithmic spectrum that is calculated back from
the mean vector of the g-th Gaussian distribution. The 2nd term
C̄m(b, t) is the cepstrum mean vector in the logarithmic spectral
domain, which is calculated back from C̄2(t). The power of the
expected spectrum S̃mE(b, t) is modified with that of S̃m2(b, t)
as follows:

S̃m3(b, t) = S̃mE(b, t)

B−1X
b=0

S̃m2(b, t)/

B−1X
b=0

S̃mE(b, t). (4)

In the Selection module, either the temporary spectrum
S̃m2(b, t) or the expected spectrum S̃m3(b, t) are selected in
accord with a confidence measure Con(b, t).

S̃m4(b, t) =

j
S̃m2(b, t) Con(b, t) ≥ αcon

S̃m3(b, t) Con(b, t) < αcon.
(5)

αcon is a threshold. As a confidence measure, we use
Con(b, t) = S̃m1(b, t)/N̄m(b, t) because for a set (b, t) in
which the SNR is high, S̃m2(b, t) would seem to be more accu-
rate than S̃m3(b, t).

The Wiener Gain Calculation module calculates Wiener
gain for the final denoising. A priori SNR is calculated with
S̃m4(b, t) as ηm(b, t) = S̃m4(b, t)/N̄m(b, t). A posteriori
SNR is given by γm(b, t) = Xm1(b, t)/N̄m(b, t). The Wiener
gain is obtained by

Wm(b, t) =
ηm(b, t)γm(b, t)

1 + ηm(b, t) + ηm(b, t)γm(b, t)
. (6)

The Mel to Linear Transform (MLT) module maps
Wm(b, t) back to W (f, t) for applying the Wiener filter in the
linear-frequency domain. The Wiener gain W (f, t) is conveyed
to the Wiener Filtering module.
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Figure 2: Position of microphones and a speaker.

Table 1: Recording environments for in-car noise signals used
in training and in-car speech signals used in testing.

Training (noise) Testing (speech)
Microphones No. 1, 2 (sun visor) No. 7 (sun visor)

No. 3, 4 (dashboard) No. 8 (dashboard)
No. 5, 6 (room No. 9 (navigation
mirror) display)

Car (Engine No. 1 (1000cc) No. 3 (1000cc)
Displacement) No. 2 (1800cc) No. 4 (1300cc)
Moving Status Moving Idling (0km/h)

(40-60km/h) Moving
(1-100km/h)

Location City No. 1 Streets City No. 1 Streets
City No. 2 Streets
Expressway
Parking Lot

Air Conditioner Off Low, High Fan
Weather Fair Fair, Cloudy

Rain, Snow
Windows Closed Closed
Car audio Off Off

2.2. Wiener Filtering

The Wiener Filtering module finally denoises as follows:

S̃(f, t) = max [W (f, t), αwf ]X(f, t), (7)

where αwf is a flooring parameter.
The estimated speech spectrum S̃(f, t) is transformed to

the waveform s̃(t), from which the feature vector Vs̃(t) is ex-
tracted. The Vs̃(t) is decoded to word strings as recognition
results.

3. In-car speech recognition evaluation
We conducted in-car speech recognition evaluation. The MBW
was compared with Noise Reduction in ETSI AFE [5] and
with a Wiener filter obtained by modifying Eq. (5) so that
S̃m4(b, t) = S̃m2(b, t).

3.1. Training and Testing Databases

In training, we used studio-recorded speech signals as well
as artificial mixes of those signals with in-car noise signals
recorded with 6 omni-directional microphones set in each of 2
cars. Output from the 6 microphones were synchronously sam-
pled at a rate of 11025 Hz. The length of each of the noise sig-
nals was 4 minutes. Randomly trimmed noise signals from the

Table 2: Parameters for evaluation.

Nfft 256
Frame Shift 128
B 48
αwn 1.0
Vs̃2(t) MFCC1-12, ΔMFCC1-12

, ΔLogarithmic Power
, Pitch Energy [11], ΔPitch Energy

CC-trained GMM Gender Dependent, 1000 Gaussians
MC-trained GMM Gender Dependent, 2000 Gaussians
αwf 1.0e−16

Vs̃(t) MFCC1-10, ΔMFCC1-10
, ΔLogarithmic Power
, Pitch Energy [11], ΔPitch Energy

CC-trained HMM Gender Dependent, 8000 Gaussians
(1000 states × 8 Gaussians)

MC-trained HMM Gender Dependent, 16000 Gaussians
(1000 states × 16 Gaussians)

Dictionary 3200 words
Language Model 3-gram

Table 3: 6 Different methods to be compared.

Training Training Calculation
Condition Condition of S̃m4(b, t)
of GMM of HMM

‘MBW1’ CC CC S̃m4(b, t) = S̃m3(b, t)

‘MBW2’ CC MC S̃m4(b, t) = S̃m3(b, t)

‘MBW3’ MC MC S̃m4(b, t) = S̃m3(b, t)
‘MBW4’ MC MC Eq. (5), αcon = 1.0

‘WF’ — MC S̃m4(b, t) = S̃m2(b, t)
‘AFE’ — MC —

whole were added to studio-recorded speech signals so that the
ratio of studio-recorded speech to in-car noise power averaged
-15dB. To calculate each of the power levels, we used SVP56
which is contained in [10].

In-car speech signals for testing were recorded with 2 unidi-
rectional microphones and one omni-directional microphone set
in each of 2 cars. Both the cars and the microphones were dif-
ferent from those used in the noise recording. Output from the
3 microphones were synchronously sampled at a rate of 11025
Hz. The microphones and a speaker were positioned as shown
in Fig. 2. The microphone on the sun visor was closest to the
mouth of the speaker, followed by that on the dashboard, and
then by that on the navigation display. The in-car speech signals
from each microphone consisted of 57,848 sentences used in in-
formation retrieval tasks and uttered by 186 different speakers:
100 males and 86 females.

Table 1 lists recording environments for the in-car noise sig-
nals used in the training and the in-car speech signals used in
the testing. Since different microphones and cars were utilized,
conditions were never perfectly matched.

3.2. Conditions

Evaluation was performed using the speech recognition system
in Fig. 1. The parameters are shown in Table 2. A CC-trained
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Figure 3: Word accuracy for MBWs and WF. (Sampling fre-
quency=11025Hz)

Figure 4: Comparison with Noise Reduction in ETSI AFE.
(Sampling frequency=8000Hz)

GMM and HMM were produced using studio-recorded speech
signals. An MC-trained GMM and HMM were produced us-
ing both studio-recorded speech signals and those signals mixed
with in-car noise signals.

In the experiments, 6 different methods in Table 3 were
compared. Noise Reduction in ETSI AFE [5] ‘AFE’ took the
place of the MBW module shown in Fig. 1. In comparative ex-
periments with ‘AFE’, both training data and testing data were
resampled at a rate of 8000Hz.

3.3. Results

Figure 3 shows word accuracy for signals from the 3 different
microphone locations. The ‘MBW2’ with MC-trained HMM
had much higher word accuracy than ‘MBW1’ with CC-trained
HMM for all of locations. For the case in which the MBW was
employed, the MC-trained HMM was confirmed to be effec-
tive. ‘MBW2’, ‘MBW3’, and ‘MBW4’ each significantly out-
performed baseline ‘WF’ for all locations, which indicates that
temporary denoised signals were accurately corrected using ei-
ther CC or MC-trained GMM. For the sun visor and dashboard
locations, the results for ‘MBW4’ were comparable to that for
‘MBW3’, while ‘MBW4’ achieved higher word accuracy than
‘MBW3’ for the navigation display location. This suggests that
the selection in ‘MBW4’ is effective, particularly under condi-
tions in which the overall SNR is low.

Figure 4 illustrates word accuracy for the 3 different mi-
crophone locations. ‘MBW3’ and ‘MBW4’ each significantly
outperformed ‘WF’ and ‘AFE’ for all locations. Combination
of MBW and MC training is effective on in-car speech recogni-
tion.

4. Conclusions
This paper has presented in-car speech recognition using MBW
and MC training. We conducted in-car speech recognition eval-
uation. With respect to word accuracy obtained with MC-
trained HMM, it was confirmed that the modified MBW with
the MC-trained GMM significantly outperformed Noise Reduc-
tion in ETSI advanced front-end. We also showed that the selec-
tive application of GMM-based correction in accord with SNR
is promising. In the future work, we plan to perform evaluations
on other tasks.
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