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ABSTRACT

Our feature extraction module for theAurora task is based on
a combination of a conventional noise supression technique
(Wiener filtering) with our temporal processing technigues
(linear discriminant RASTA filtering and nonlinear Tempo-
RAl Pattern (TRAP) classifier). We observe better than 58%
relative error improvement on the prescribed Aurora Digit
Task, a performance level that is somewhat better than the
new ETSI Advanced Feature standard. Furthermore, to test
generalization of our approach to an independent test set not
available during development, we evaluate performance on
American English SpeechDatCar digits and show 10.54%
relative improvement over the new ETSI standard.

1. INTRODUCTION

The EuropeanTelecommunication Standards Institute (ETSI)
initiated the standardisation of an advanced front-end for
DSR, under the name “Aurora” [1]. Evaluation comprises
of connected digit recognition tasks under a range of noise
conditions on six languages. The challenge is to design a
front-end that gives a significant reduction in Word Error
Rate (WER) compared to the MFCC standard [3] within
limited computational resources and a restricted algorithmic
delay.

In this paper, we propose a robust front-end based on
spectral and temporal processing. In the terminal, robust
cepstral features are computed using a modified Wiener fil-
ter followed by temporal filtering. A Multi-Layer Perceptron
(MLP) basedVoiceActivity Detector (VAD) is used to detect
the non-speech frames. Features are compressed using the
split Vector Quantization (VQ) algorithm and transmitted at
a datarate of 4800 bps. At the server, two feature streams
are generated. The first consists of the decompressed cep-
stral features, and the second consists of TRAPS [2] based
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s. The cepstral features are mean and variance nor-
d and concatenated with TRAPS based features. We
re the performance of the proposed algorithm with
SI adopted advanced front-end standard [4]. Figure 1
the block diagram of the proposed front-end. The

ing sections describe the feature computation blocks.
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Fig. 1. Robust feature extraction for DSR

2. TERMINAL FEATURE EXTRACTION

eech signal is sampled at 8kHz, segmented into frames
s with a shift of 10ms. A Hamming window is applied
frame and 256 point FFT is computed. Only the first

ints are retained after computing the short term power
.

oise Compensation

rove the Signal to Noise Ratio (SNR) of the signal,
ified Wiener filter algorithm is applied to the power
. Here the noise is assumed to be additive and uncor-
. An estimate of the noise power spectrum is obtained
first order recursion and frame energy based update.
tantaneous Wiener filter, given by the following equa-
estimated every frame:

st(k,m)| = max

(
|X(k,m)|2−γ(k)|Ŵ (k,m)|2

|X(k,m)|2 , β

)
(1)



where |X(k,m)|2 and |Ŵ (k,m)|2 are the power spectral
estimates of noisy speech and additive noise signal respec-
tively (k and m are the time and frequency indices). The
spectral floor parameter β = 0.01 avoids negative or very
small transfer function components. The noise overestima-
tion factor γ(k) is a function of the local aposteriori SNR.
γ(k) = 3.125 for SNRapost(k) < 0dB and γ(k) = 1.25
for SNRapost(k) > 20dB. Between 0dB and 20dB, γ(k)
varies linearly according to the equation:

γ(k) =
−1.875

20
SNRapost(k) + 3.125 (2)

The instantaneous filter estimate is smoothed in time and
frequency to reduce variance due to erroneus noise spectral
estimates. Since the recursion introduces a group delay to
the filter estimate, the smoothed filter is not synchonized
with the instantaneous filter. We estimate this asynchrony
to be 2 frames. The clean speech power spectral estimate,
|Ŝ(k,m)|2, is obtained by multiplying the smoothed filter
and noisy speech power spectrum.

|Ŝ(k,m)|2 = max
(|X(k,m)|2.|H(k,m)|2, α)

(3)

where α = 0.001.|Ŵ (k,m)|2 is the noise floor.
The clean power spectral estimate is weighted by 23 tri-

angular weighting functions simulating Mel-scale spaced fil-
ter banks. A natural logarithm is applied to the outputs of
the Mel filterbank.

2.2. Temporal filtering using RASTA-LDA filters

The filter coefficients are derived using the LDA technique on
the phonetically labeled OGI-Stories database as described
in [5]. Car noise at 10 dB SNR is artificially added to the
database. The noisy speech files are cleaned using the noise
compensation technique mentioned in Section 2.1. A 101
point feature vector, centered and labeled by one of the forty
one phoneme classes at the current frame, from the 7th mel
band is used for LDA. Each phoneme is divided uniformly
into three states and each state is used as a class, resulting
in a total of 123 classes. The leading discriminant vector
from the 7th band is used as a temporal RASTA filter. To
reduce the latency, the filter is truncated to a 51 point causal
filter. Finally, it is convolved with a 25 Hz low-pass filter and
further truncated to 30 points. Figure 2 shows the impulse
and magnitude response the LDA filter. The filter is applied
to the log Mel-filterbank outputs and fifteen cepstral coef-
ficients are calculated using a Discrete Cosine Transform
(DCT).

2.3. Voice Activity Detector (VAD)

The VAD is a single hidden-layer feed-forward MLP. It is
trained to discriminate between speech and non-speech frames
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RASTA-LDA filter and its magnitude frequency re-

the backpropagation algorithm. Training is done of-
sing a noisy database. The MLP uses 9 frames of
ral coefficients computed from low-pass filtered log-
es of the 23 Mel filters. The output of the trained MLP
n estimate of the posterior probability of the current
being speech or non-speech.

3. FEATURE COMPRESSION AND
DECOMPRESSION

cepstral coefficients and the silence probability are
enated to form a single feature vector. The feature
is downsampled by two in time. The final feature
is compressed using a split Vector Quantization (VQ)
hm. The LBG algorithm is used for training of the
ok. The codebook is initialized with the mean value
entire training data. At each step, each centroid is
to two and their values are re-estimated. Splitting
ormed in the positive and negative direction of the
rd deviation vector multiplied by 0.2. To determine the
the closest VQ centroid is found using the Euclidean
e. The number of bits required for the description of
me after packing indices to the bit stream is 76. These
are protected with 16 bits of CRC. This CRC together
dices creates a frame packet of 11.5 octets. Refer to
further details on bit stream formatting.
the server, the received bitstream is decompressed to
rate the speech feature vectors. Synchronization se-
detection, header decoding and feature decompres-

re implemented as in [3]. To protect the transmitted
gainst channel errors, Fire’s correction code is used.
ode is able to repair error bursts of up to five bits and
ct six bits long error bursts.

4. SERVER FEATURE GENERATION

reams of features are generated from the decompressed
s. The first stream consists of cepstral coefficients

e upsampled, mean and variance normalized and aug-
d with first and second delta coefficients. The second

consists of TRAPS based features. In [2], it was



shown that augmenting cepstral features with TRAPS based
features, significantly improves robustness. A threshold of
0.5 is applied to the silence probability to convert it to a bi-
nary VAD flag. The following sections explain these blocks
further.

4.1. Mean and Variance Normalization

In order to compensate for the shifts in mean and variance
caused by the additive and convolutive noise, a recursive
mean and variance normalization is applied to the cepstral
coefficients. The mean and variance are initialized using
the global mean and variance estimated on a noisy speech
database.The estimates of the local mean and variance are
updated for each frame marked as speech by the binary VAD
flag. The forgetting factor of the recursion is set to 0.01,
corresponding to roughly a 1 sec time constant.

4.2. TRAPS based features

TRAPs features are based on multi-band and multi-stream
approaches. For each mel-band, a feed-forward MLP is
trained to classify speech frames. The outputs of the MLPs
are combined using another MLP. All the MLPs are trained
to classify manner of articulation categories (Vowel, Flap,
Stop, Fricative, Nasal) as well as silence. Details of the
TRAPS based features can be found in [6].

4.3. Final feature vector

The first and second delta features are derived from the nor-
malized cepstral features and appended to the static features.
They are concatenated with the six features from the TRAPS
stream. The final feature vector size is 51. The VAD flag is
smoothed using a median filter with a length of twenty one
points. The frames marked as silence by the VAD flag after
smoothing are not sent to the back-end recognizer.

5. EXPERIMENTS AND RESULTS

As part of the advanced front-end standardization, ETSI de-
fined development databases that contain digit strings in
six different languages. They are Aurora-2 (English) and
Aurora-3 (Italian, Finnish, Spanish, German and Danish).
For the work reported here, we created a test set consisting
of data that was not used during training or system develop-
ment. The new set comprised the connected digits recording
of SpeechDatCar (SDC) US English [7]. The connected dig-
its subset of SDC-US consists of 1 sheet number (5 + digits),
1 spontaneous telephone number, 3 read telephone numbers,
1 credit card number (14-16 digits), 1 PIN code (6 digits).
The database contains 7658 recordings spoken by more than
150 speakers. Recordings from close-talking and far micro-
phone are selected. The files are down-sampled from 16 to
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followed by DC offset removal using ITU-T software
ibrary. The speaker synchronization beeps in the be-
g of the files are cut off using an automated procedure.
Aurora-3, three train/test configurations are defined:
ll-matched condition (WM), the medium mismatched
condition and the highly mismatched condition (HM).

M case, 70% of the entire data is used for training and
or testing and training set contains all the variability
pear in the test set. In the MM case, only far micro-
data is used for both training and testing. For the HM
raining data consists of close microphone recordings
hile testing is done on far microphone data.

esults

cognizer is the ETSI-specified HTK-based whole word
system with 16 states per HMM and 3 components
te with diagonal covariance matrices. Table 1 and

ent the performance of the proposed front-end (QIO)
red to the MFCC front-end with end-point detection
the Aurora databases. The relative improvement for
M and HM conditions are weighted by 0.40, 0.35 and

spectively. We achieve a WER reduction of more than
elative to the MFCC system. In Table 3 we compare
formances of QIO and ETSI advanced front-end stan-
lative to the MFCC system for Aurora databases. It
ows the performance of the proposed front-end with-
APS (QIO-NoTRAPS). Table 4 presents the WER

ne MFCC results are not available for this database)
two front-ends and relative improvement of QIO fea-
elative to ETSI advanced front-end standard. From
ults it is evident that the proposed front-end is better
e ETSI advanced front-end standard for both the Au-
d new test sets. Finally we present, in Tables 5 and 6,
formance relative to the baseline provided for ICSLP

ssion. To permit replication of our results and applica-
other test sets, we have made the proposed front-end
le to interested people at the OGI website. 1

ystem Complexity and Latency

verall algorithmic latency of the system is 185 ms,
the terminal latency is 55 ms and the server latency
ms and requires approximately 6 kWords of memory.
mputational load is approximately 10 MOPS for the
al and 2 MOPS for the server.

6. CONCLUSIONS

e official Aurora advanced front-end evaluation, we
tted a scaled down (no TRAPS) version of our pro-
system, corresponding to QIO-NoTRAPS in Table 3.

//ftp.asp.ogi.edu/pub/download/Aurora/qio-afe.tgz



Here we have described methods and results for the more
complete system. We presented a feature extraction scheme
that incorporates noise robustness using Wiener filtering,
temporal discriminants using data-derived LDA filters, mean
and variance normalization and TRAPS based features. A
voice activity detector is used to discard the frames that are
unlikely to contain speech. Our results show a WER reduc-
tion of better than 58% relative to the MFCC baseline on
the Aurora databases. We show an improvement over the
new ETSI advanced front-end standard on Aurora and SDC
US databases. The proposed front-end has a low latency
and complexity. One of the key potential of the proposed
system resides in the multiband structure of the TRAPS ap-
proach. We expect this alternate feature stream to increase
the robustness whenever the Wiener filter lacks reliable es-
timates of the noise power spectrum. This can happen on
long portions of continuous speech during which the noise
level can change relatively quickly, a condition for which
state-of-the art noise spectrum estimation algorithms do not
perform well.
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urora 2 Relative Improvement (MFCC Standard)
Set A Set B Set C Overall

ulti 32.79% 45.93% 44.36% 40.36%
lean 69.60% 74.67% 69.56% 71.62%
verage 51.20% 60.30% 56.96% 55.99%

Table 1: Aurora 2 Relative improvement for QIO.

urora 3 Relative Improvement (MFCC Standard)
ITA FIN SPA GER DAN Average

59.79 60.38 64.89 40.56 56.54 55.97%
69.14 51.42 67.38 42.88 48.30 55.05%
68.24 77.60 78.24 55.87 69.35 71.45%

ll 64.13 61.55 69.10 45.20 59.52 59.52%

Table 2: Aurora 3 Relative improvement for QIO.

QIO-NoTRAPS QIO ETSI
ora-2(x40%) 49.84% 55.99% 54.73%
ora-3(x60%) 56.62% 59.52% 56.61%
rall 53.91% 58.11% 55.85%

3: Relative improvement for QIO and ETSI front-ends for
Aurora databases.

QIO (WER) ETSI (WER) Improvement
M 3.80% 4.44% 14.41%
M 10.51% 11.42% 7.97%

10.18% 11.06% 7.96%
erall 7.74% 8.54% 10.54%

4: Comparison of QIO and ETSI front-end for SDC US
database

urora 2 Relative Improvement (ICSLP Baseline)
Set A Set B Set C Overall

ulti 30.04% 40.34% 38.68% 35.89%
lean 68.40% 74.51% 65.44% 70.25%
verage 49.22% 57.42% 52.06% 53.07%

Table 5: Aurora 2 relative improvement for QIO.

urora 3 Relative Improvement (ICSLP Baseline)
FIN SPA GER DAN Average

M 56.34 62.75 39.20 52.99 52.82%
M 46.64 67.94 38.24 43.76 49.15%
M 75.75 78.58 55.35 67.14 69.21%
verall 57.80 68.52 42.90 53.30 55.63%

Table 6: Aurora 3 Relative improvement for QIO.
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