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Abstract
In the paper, novel approach that efficiently extracts the tempo-
ral information of speech has been proposed. This algorithm is
fully employed in time-domain, and the preprocessing blocks
are well justified by psychoacoustic studies. The achieved re-
sults show the different properties of proposed algorithm com-
pared to the traditional approach. The algorithm is advanta-
geous in terms of possible modifications and computational in-
expensiveness. Then, in our experiments, we have focused on
different representation of time trajectories. Classical methods
that are efficient in conventional feature extraction approaches
showed not to be suitable to approximate temporal trajectories
of speech. However, the application of some orthogonal trans-
formations, such as discrete Fourier transform or discrete co-
sine transform, on top of previously derived temporal trajecto-
ries outperforms classification in original domain. In addition,
these transformed features are very efficient to reduce the di-
mensionality of data.

1. Introduction
In traditional ASR system, the speech signal is processed as a
series of independent short-time (10 ms to 100 ms due to delta
coefficients) frames in order to capture non-stationary char-
acteristic of the speech signal and to facilitate application of
the well-developed processing techniques for stationary signals.
Spectral features are usually presented in form of filter bank
energies, Linear prediction coefficients (LPCs), cepstral coef-
ficients, Mel-frequency cepstral coefficients (MFCCs) and per-
ceptual linear predictive (PLP) coefficients, and are the basis
of the most feature extraction methods in current ASR. They
describe the spectral envelope of the speech signal in a given
frame. However, their disadvantage is its strong sensitivity to
changes in the communication environment caused by different
channel characteristics or background noise [4].

Psychoacoustic experiments prove that peripheral auditory
system in humans integrates information of much larger time
spans than the temporal duration of the frame used in traditional
speech analysis. This time span is of the order of several hun-
dred milliseconds (around 200 ms). One evidence in auditory
perception is the phenomenon of forward masking [1].

It has already been shown and published (and also success-
fully employed in feature extraction algorithms for ASR [2])
that information extracted from temporal trajectories can largely
increase ASR performance, mainly when combined with clas-
sical features.

Recently, relatively long temporal trajectories of the speech
features (0.5s - 1s) have been examined to capture phonetic in-
formation that is presented in time. This study has resulted into

a set of new features (TRAPs) incorporating medium-time tem-
poral dependency in the features used in the multi-band sys-
tem. These TempoRAl Patterns (TRAPs) are derived from spec-
tral energies obtained by standard spectral processing opera-
tions [4]. In our research, we propose novel algorithm attempt-
ing to extract temporal information of speech directly in time
(auditory) domain. In other words we show that solely tempo-
ral processing based operations can be used to derive temporal
patterns that generate the set of features. This proposed algo-
rithm can be easily modified. For instance, it is effortless to
change the time length of created temporal segments, without
touching frame shift, and so on.

Then, our experiments were focused on representation
of these time trajectories that resulted into an application of
some well-known orthogonal transformation applied on top of
TRAPs. Such TRAPs projected into different domain are sup-
posed to be more accurate for classification and provide higher
recognition performance. The valuable property of potential
transformation is the data reduction without any system degra-
dation. We have also experimented with importance of phase
information, that capture TRAPs, from a classification point of
view.

2. Experimental setup
In practical experiments we have used feed-forward multi-layer
perceptron (MLP) based classifiers. The availability of infor-
mation in time trajectories is evaluated on temporal evolution
of phonemes. Therefore, phoneme labeled database is needed
for our experiments. TIMIT database, prepared at the National
Institute of Standards and Technology (NIST), with � � ��
phonetic classes is employed to train individual band classifiers.
Details are given in [5].

TRAP features are built on multi-band approach. For each
of 15 frequency bands, an MLP based classifier is used. It clas-
sifies TRAPs into phonetic classes. Each band classifier is a
MLP with 3 layers. The size of input layer is determined by the
length of TRAP. The hidden layer has in most of experiments
300 neurons. The size of output layer is given by the number of
classes. For experimental purposes, the training data is split into
training and cross-validation (CV) sets. Description and more
details are given in [5].

After band classification we use another MLP (Merger) for
combining the outputs obtained from each of the 15 TRAPs.
Merger is trained on OGI-Stories corpus. Full description is
given in [6]. The merger consists of 3 layers. The input is the
concatenated vector of posteriors of � phonetic classes from
each of the 15 TRAPs (� � ��). The hidden layer contains
300 neurons.The size of output layer is given by the number of
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classes (� ). The merger is trained on data different from those
used for training band classifiers. Therefore, for this new train-
ing data, TRAPs must be generated and forward passed through
band classifiers.

Phoneme recognition accuracies were used to analyze the
performance of MLP based classifiers. The evaluation of per-
formance was based on results seen during the training and
cross-validation of nets. The following results are provided:

� final phoneme recognition accuracy on the CV sets of
TIMIT database while training the band classifiers for
3 bands (���, ���,����) on TIMIT (noted as ����,
����, �����).

� phoneme recognition accuracy for OGI-Stories forward
passed through the band classifiers for 3 bands (���,
���,����), (noted as ����, ����, �����).

� final phoneme recognition accuracy on the cross-
validation set (noted as FCV) and training set (noted as
FT) of OGI-Stories in merger training.

3. Original approach to TRAP-derivation
Traditionally, the speech signal is processed as a series of in-
dependent short-time (e.g. 10 ms) frames. Each frame is
transformed into spectral domain using Fourier transform, and
logarithmic critical band energies are derived. These energies
have been initially used to provide temporal information of
speech [4].

As mentioned above, the temporal structures of phonemes
were analyzed to get understanding the nature of the linguistic
information available in the temporal structure of speech. For
given phoneme label, all segments from particular frequency
band are extracted. Then, for each such segment, several hun-
dred milliseconds long TRAPs are formed that are centered
around each frame of the segment labeled as the phoneme.

Traditionally derived set (noted as �������) of 41-point
TRAPs (500 ms), derived from critical band logarithmic spec-
tral energies[4], with TRAP-based mean normalization, and
with the tandem of 15 band-classifiers and the merger, gives
the performances mentioned in Tab. 1.

4. Derivation of temporal patterns in
time-domain

In our novel approach we show that TRAPs do not have to rep-
resented by time trajectories of spectral energies and can be
fully derived in time-domain without applying any spectral pro-
cessing operations. The whole technique is shown in Fig. 1.
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Figure 1: Derivation of TRAPs in time-domain.

To preserve frequency independence of classification, a
band pass filter bank needs to be applied. In our approach,

such analysis filter bank is represented by gammatone filters [7],
whose center frequencies ��� and bandwidths match those of the
critical bands. These linear phase gammatone filters are applied
to the input signal to obtain an auditory-based time-frequency
parametrization, which approximates the patterns of neural fir-
ing generated by the auditory nerve, and preserves the temporal
information carried in speech.

The speech signal, filtered by the bank of band pass fil-
ters, results into 15 trajectories with the spectrum shifted in fre-
quency by ��� . The extraction of the energy from each band
pass filtered speech signal is equivalent to the shifting that sig-
nal’s spectrum down in frequency by ��� . It can be done by
multiplication a time signal by a single complex exponential
	����	��
� , where 
 is the complex operator. This operation
is usually called “complex downconversion”. Finally, low pass
filter (LPF) is applied to preserve only non-modulated spectral
components. A cutoff frequency of LPF is dependent on pre-
viously applied band pass gammatone filters, because of their
frequency-varying bandwidth. The extraction of TRAPs from
demodulated signals is done the same way as traditional fram-
ing. The signal is divided into segments with some overlap-
ping constant and the appropriate segment length. Each such
segment is Hamming windowed, processed by logarithm, and
the mean is subtracted. Such derived temporal trajectories are
still fully sampled, so that the length (in samples) of extracted
TRAPs (hundred milliseconds) is largely higher than length of
originally derived TRAPs. However, due to the properties of
modulation spectrum of the speech [8], these temporal trajecto-
ries can be downsampled without loosing any information im-
portant for their classification. The final sampling frequency is
�����
 � ����.

The results with 40-point TRAPs (related to 500 ms time
length, downsampling ratio � � ���) derived in time-domain
are in Tab. 1 (noted as 
������).

5. Representation of temporal patterns
Our initial experiments attempted to apply well-known algo-
rithms successfully used in standard feature extraction, that are
able to reduce useful information of speech. One of them is
Linear prediction, where the power spectrum of speech is ap-
proximated by autoregressive model [7]. The use of such algo-
rithm leads into drop-out of the phase information that is irrel-
evant in static feature extraction. However, initial experiments
with TRAPs, approximated by autoregressive model, showed
that phase information is very important for their classifica-
tion. Therefore, operations that preserve also phase informa-
tion of input data need to be employed. In our experiments
we have attempted to use Discrete Cosine Transform (DCT),
Discrete Fourier Transform (DFT), Discrete Hadamard Trans-
form (DHT) and discrete Karhunen-Loève transform (KLT).
All these transforms were applied on TRAPs derived in time-
domain.

5.1. Discrete Fourier Transform (DFT)

For the wide-sense stationary signals, DFT asymptotically ap-
proaches the eigen-decomposition. The existence of Fast
Fourier Transform (FFT) algorithm for the computation of the
DFT, and data independent nature of this transform are among
its attractive features. For derivation of DFT, a periodic se-
quence ���� with period � is considered, so that ���� �
��� 	 �� �. Such sequence can be represented by a Fourier
series (as with continuous time periodic signals), correspond-



Technique ���� ���� ����� ���� ���� ����� FT FCV
������� 25.74 22.9 22.61 25.48 25.48 22.07 61.01 51.49

������ 20.93 24.14 23.50 20.30 25.00 24.04 62.53 50.68

Table 1: Phoneme recognition accuracies (in %) of the MLP based classifiers.

ing to a sum of harmonically related complex exponential se-
quences. Initially, the magnitude modulation spectrum has been
used for MLP classification. Each 40 samples long TRAP
was zero padded and transformed using DFT. First 40 compo-
nents of magnitude modulation spectrum were used for MLP
classification. Zero padding was applied in order to obtain
40 sampled halves of magnitude modulation spectrum. The
results are given in Tab. 2 (������ experiment), and show
poorly trained MLP classifiers. In case of ������ experi-
ment, where an additional sequence of phase coefficients was
used with magnitude spectrum components, large improvement
can be observed. Here, the size of input vectors for MLP based
band classifiers is also 40 (20 magnitude spectrum components,
20 phase spectrum components). Even though, features used
for classification contain the same information as baseline fea-
tures (
������ experiment), the final recognition performance
is still much worse than the baseline. Much better results are
achieved, when real and imaginary components of modulation
spectrum are employed in MLP classification (������ exper-
iment). Such trained MLP classifier outperforms the baseline
system.

5.2. Discrete Cosine Transform (DCT)

In case of the DFT, the basis sequences are the complex peri-
odic sequences 	����
�� , and the resulting sequence ���� is,
in general, complex even if the input sequence ���� is real. It is
natural to inquire as to whether there exist sets of real-valued ba-
sis sequences that would yield a real-valued transform sequence
���� when ���� is real. This has led to the definition of a num-
ber of other orthogonal transform representations. One of them
is the discrete cosine transform (DCT). In case of all definitions
of DCT, even periodic sequences need to be created from finite-
length sequences. Generally, there are four common ways to
create such sequences which result into four forms of DCT [9].
In first experiments, DCT form that is easily derived from DFT
has been used. One period of resulting sequence 
���� can be
written as:


���� � ������������	�����	��������	����������������

where � is the length of original sequence ����, and ���������

stands for zero padding the sequence to the length of �� 	 �.
For such resulting periodic sequence 
����, standard DFT can
be used (instead of any traditionally defined DCT form). DCT
sequence for each TRAP was computed. In order to get the
understanding of the importance of particular DCT coefficients,
two following experiments were run:

� First, full DCT spectrum was used for classification
(� � �����
��), where �����
 � �� ��. Then, DCT
spectrum was reduced using different cut off frequency
�����		 , and just low part of reduced spectrum was used
for classification. The original TRAP sequence ���� was
possibly zero padded, before its DCT projection, to ob-
tain constantly �� final DCTs for classification. There-
fore, the size of input layer of MLP classifier was con-
stant for all the experiments, so that it did not affect

the performances. The experimental results for differ-
ent �����		 are given in Tab. 2, and graphically shown
in Fig. 2. It shows that for �����		 � �
��, the recog-
nition performance almost does not change. However,
when lower part of DCT spectrum than approximately
�
 �� is cut off, the system performance dramatically
degrades.

� On contrary to the first set of experiments, next, the DCT
based spectrum was limited from lower to upper frequen-
cies. The highest frequency was kept constant (�� ��),
whereas the lowest cut off frequency �����		 changed in
interval �� ����. The results are shown in Fig. 3.

As mentioned above, the DCT corresponds to forming a
periodic, symmetric sequence from a finite-length sequence
in such a way that the original finite-length sequence can be
uniquely recovered. There are many ways to do this, therefore,
there are many definitions of DCT. In first case, the DCT based
on DFT has been used. In other experiments DCT1 and DCT2
according to [9] were used.
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Figure 2: Dependence of phoneme recognition accuracy on
�����		 , when the upper spectral components are discarded.
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Figure 3: Dependence of phoneme recognition accuracy on
�����		 , when the lower spectral components are discarded.

5.3. Discrete Karhunen-Loève transform (KLT)

The another linear orthogonal transform that is possible to use
is the KLT. It is widely employed in signal processing, statis-
tics, and neural computing. In some application areas, it is also
called the Principal Component Analysis (PCA) [3]. Principal
components (basis of KLT) are derived from covariance matrix



Technique ���� ���� ����� ���� ���� ����� FT FCV
������ 16.21 17.26 17.91 16.51 21.95 21.91 46.26 35.91
������ 17.67 20.54 20.41 17.56 23.25 22.79 55.92 45.44
������ 21.41 25.03 23.83 18.93 25.33 24.02 62.39 51.73
��� 22.23 24.93 24.04 19.86 25.23 23.87 61.97 51.37
���� 22.31 25.27 23.86 19.32 25.30 23.78 62.04 51.61
���� 22.61 24.75 23.93 20.1 25.24 24.03 62.38 51.48
��� 22.46 25.13 23.95 20.23 25.49 23.76 62.79 51.54
��� 21.71 25.27 24.39 18.74 25.24 24.24 62.68 51.76

Table 2: Phoneme recognition accuracies (in %) of the MLP based classifiers.

that is obtained from the data. TIMIT training data were em-
ployed to obtain principal components, and then KLT was ap-
plied on TIMIT as well as on OGI-Stories. No dimensionality
reduction was performed in order to keep the size of input layer
of MLP band classifiers unchanged. Therefore, each 40 samples
long TRAP was projected into 40 principal components (com-
pounded according to the highest eigen values of eigen vectors).
The achieved phoneme accuracies are given in Tab. 2.

5.4. Discrete Hadamard transformation (DHT)

Unlike the other well-known transforms, such as the DFT and
DCT, the elements of the basis vectors of the DHT take only
the binary values 	� and ��. Therefore, they are well suited
for digital signal processing applications where computational
simplicity is required. The basis vectors of the m-point DHT
can be generated by sampling a class of functions called Walsh
functions. The one dimensional DHT of a sequence ���� is de-
fined as:

���� �

����


��

��������
����

���
����������� � � � � � � ��

with � � ��, where m is an integer. ����� is the ��� bit in the
binary representation of �. The results of application of DHT
are given in Tab. 2.

6. Conclusions
From achieved results, mentioned in Tab. 1, we conclude
that band classifiers trained on traditionally derived TRAPs
(������� experiment) give better performances especially for
low frequency bands than those trained on time-domain based
TRAPs (
������ experiment). For higher bands the differ-
ences between ������� and 
������ are minimal. The final
phoneme recognition accuracies �� and ��� give us the ulti-
mate number that can be used for comparisons of other systems.
�� shows the recognition performance of system on data used
for training, whereas ��� is associated with cross-validation
data. ������� system yields slightly higher performance for
��� than our proposed system 
������. However, in case
of �� , we obtain substantially better phoneme recognition ac-
curacy for 
������. These results show the different behavior
of these two algorithms. ������� seems to be more robust to
the unseen data, whereas with 
������ based technique we are
supposed to obtain higher recognition performance with a well
trained classifier (availability of large amount of training data).
Moreover, proposed approach is advantageous in terms of pos-
sible modifications and computational inexpensiveness.

The following experiments (Tab. 2) definitely show that the

phase information of temporal trajectories is important for their
classification. Classical algorithms that are efficient in static
feature extraction are not suitable in temporal domain process-
ing. The results also show that DFT, DCT, KLT, and DHT ap-
plied on top of TRAPs slightly outperform classification in orig-
inal domain. In addition, these features are very efficient in data
reduction so that less complex classifiers can be used. Eventu-
ally, they generalize better than other conventional features and
yield considerable complementary information with respect to
short-term cepstral features in ASR.
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