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ABSTRACT

This paper introduces the extraction of speech
features realizing noise robustness for speech recog-
nition. It also explores advanced speech analysis
techniques named RSF (Running Spectrum Filter-
ing)/DRA (Dynamic Range Adjustment) in detail.
The new experiments on phase recognition were car-
ried out using 40 male and female speakers for train-
ing and 5 other male and female speakers for recogni-
tion. The result of recognition rate is improved from
17% to 63% under car noise at -10dB SNR. for ex-
ample. It shows the high noise robustness of the pro-
posed system. In addition, the new parallel/pipelined
LSI design of the system is proposed. It considerably
reduces the calculation time. Using this architecture,
the real time speech recognition can be developed.
For this system, both of full-custom LSI design and
FPGA design are introduced.

1. INTRODUCTION

A speech recognition system has been widely ex-
plored as one of human interfaces. There are two ma-
jor approaches for speech recognition. One is contin-
uous speech recognition and the other is word/phase
speech recognition. While continuous speech recogni-
tion can recognize various long utterances, its accu-
racy is not as enough as word/phase speech recogni-
tion. Since word/phase recognition system can learn
all speech articulations in speech models, this system
provides higher recognition rate than the other gen-
erally speaking.

When we consider the interface of home electron-
ics, mobile navigations and robots, the keyword com-
mand and key-phase command systems are valuable
in real circumstances. In order to develop such
system, a noise robust word/phase speech recogni-
tion system should be required. In addition to such
noise robustness, real time response must be also de-
manded.

For noise robustness, we have developed sophis-
ticated filtering on running speech spectrum, i.e.,
RSF (Running Spectrum Filtering)/DRA (Dynamic
Range Adjustment) [1], [2]. Although these tech-
niques require high calculation cost, highest noise ro-
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bustness can be obtained under various noise circum-
stances. In order to also realize real time processing,
we have developed a parallel architecture of the above
system and developed its LSI system.

Our previous system which is designed with FPGA
[2] has been implemented into a small board as shown
in Fig. 1. This has been already used in some robots
with speech recognition and answering mechanism.

In this paper, we introduce sophisticated noise
robust speech recognition system, i.e., RFS/DRA
speech recognition system, and explore it in detail.
This paper also proposes new architecture of this sys-
tem. The new architecture is designed with 0.18-pm
CMOS standard cell and a 128-MHz clock frequency.
It results drastically higher response. This paper also
develops its FPGA based speech recognition system.
This is also suitable for testing our system and im-
plementing any mobile systems.

2. STATEMENT OF PROBLEM

As one of issues for the design of a robust speech
recognition system, the extraction of robust speech
features should be considered. It is known that cep-
strum data are usually corrupted by noise. Various
noise robust methods have been developed such as
noise-robust LPC analysis [3], [4], Hidden Markov
Model (HMM) decomposition and composition [5],
[6], [7], and the extraction of dynamic cepstrum, [8],
[9] etc. In spite of such research activities, the use-
ful noise-robust technique is still limited as a spectral
subtraction (SS) method [10].

The SS is useful for many noises. However it is
only used for time invariant noises since the noise
property should be estimated as a prior information.
If noise circumstances change with time progress, the
SS without adaptation to noise may cause deterio-
ration of speech features such as musical noise. It
means the estimation of an accurate noise status by
SS becomes difficult in some circumstances. In this
paper, we explore the robustness of speech features
and propose new speech recognition techniques.

We have developed noise robust speech processing
techniques, i.e. RSF and DRA. RSF employs FIR
filtering and extracts speech components from noisy
speech more effectively than RASTA [11]. DRA nor-
malizes the maximum amplitudes of feature parame-
ters and corrects the differences of dynamic ranges be-
tween that of trained data and observed speech data.
Then RSF applies FIR filtering to noisy speech and
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Fig.1: Noise robust speech recognition system
board. This has been developed by RayTron, inc.
(http: //www.raytron.co.jp).

emphasizes speech frequency bands in running spec-
trum domain. This paper compares RSF and RASTA
and estimates their performances and DRA. Noise ro-
bustness of each method is evaluated by phase speech
recognition experiments using HMM.

In addition, when the real application of phase
speech recognition is considered, the real time re-
sponse must be demeaned. In other words, if its cal-
culation cost and its complexity are high, the special
hardware should be developed.

In this paper, the hardware implementation of our
system is proposed. There are two purposes in this
implementation. The one is to realize real time speech
recognition by reducing calculation time. The other
is to realize the tiny hardware used in mobile elec-
tronics devices by reducing the size of devices and
the power dissipation. In this paper, the 50msec re-
sponse time of the recognition system by a 0.18-pum
CMOS standard cell with a 128-MHz clock frequency
is proposed. This system can recognize 800 phase
speech at the same time. The implementation of this
system is also tested on a FPGA device.

3. CONVENTIONAL SYSTEM AND
CAUSES OF NOISE CORRUPTION

Figure 2 shows the process of the conventional
recognition system. The former part of this figure
shows the procedure of the speech feature extraction
which consists of ordinary feature extraction based
on Mel-Frequency Cepstral Coefficient (MFCC) [12],
[13] and HMMs. MFCC is one of speech features and
is based on the human’s perception in frequency do-
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Fig.2: Procedure of speech recognition system.

main. The latter part shows a training part using
Baum-Welch Algorithm and a recognition part using
Viterbi Algorithm. In noisy speech, the stationary
power of noise causes serious differences from noise-
free speech.

Noisy speech signal y(t) is converted to spectrum
by DFT as

y(t) = h(t) @ (2(t) + al?)) (1)
Y(n,f)=  H(n, /)X(n,f)
+H(n, f)A(n, f) (2)

where n denotes the frame number, z(¢) denotes the
signal component, h(t) denotes the system noise and
a(t) denotes the environmental noise.

Figure 3 compares time trajectories of power
spectrum obtained from noise-free speech and noisy
speech. This trajectory is given from short time win-
dowing speech flames and its DFT spectra. Note that
this trajectory is obtained from running speech spec-
trum at the fixed frequency [2]. There are differences
on DC components of the trajectories. In order to ob-
tain cepstrum, log power spectrum is required. Fig-
ure 3 (b) shows the difference of time trajectory be-
tween log power spectra of clean speech and that of
noisy speech. In this conversion, power gains from
the input utterance become different. It leads the re-
duction of dynamic ranges on cepstrum. Therefore,
we have to consider two serious corruptions on DC
components and gains from utterances.

4. RUNNING SPECTRUM FILTERING
(RSF)

RSF utilizes the rhythm of syllables. There is
a specific constant rhythm on the changes of sylla-
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bles. On the other hand, noise components do not
change so radically and there are generally no specific
rhythms in noises. Therefore, if there is a parameter
associated with the rhythm of changes in speech com-
ponents, both components can be separated when we
estimate their rhythm and filter them.

If we use modulation spectrum domain, the above
rhythm can be represented separately. It is obtained
as follows: At first, two dimensional data which con-
tains time-versus-frequency information of spectrum
is obtained by accumulating short-time spectrum [2].
In running spectrum domain, the time trajectory at
a specific frequency is obtained by tracing its values
in each flame. From the time trajectory, we can get
a modulation spectrum by applying DFT to this tra-
jectory.

It has been reported [11], [14] and [2] that speech
components in modulation frequency domain are
dominant around 4 Hz and the range from 0 to 1
Hz and from 7 Hz can be regarded as noise. There-
fore, speech components can be extracted by applying
band-pass filtering on running spectrum.

RASTA is the well known method focusing on
modulation spectrum. RASTA employs IIR band-
pass filters and removes noise components. However,
IIR filters may be unstable and cause phase distor-
tion. On the other hand, RSF employs FIR filters in-
stead of IR filters. It makes RSF stable and free from
phase distortion. However, RSF requires high-order
FIR filters to realize sharp modulation frequency cut-
off and such high order of FIR filters causes many de-
lay boxes. For example, in order to realize the mod-
ulation frequency properties of RSF shown in Fig. 4,
240 taps are required. Then, the required length of
non-speech periods [[sec] before and after the input
speech is given by

_ the number of taps  frame-shift

= . (3)

2 x sampling rate

When the conditions of the speech analysis fol-
low Table 1, about 1.4 second non-speech periods are
required before and after the input speech. In our
method, several non-speech frames are put into the
front and the back of speech frames in a certain length
so that enough filtering orders are obtained. Thus
RSF realizes effective feature extraction and can be
applied in practical speech recognition system.

The process of RSF is as follows: In (2),
H(n, f)A(n, f) is additive noise component. When
the property of H(n, f)X(n, f) is considered, it may
be located from 1 Hz to 7 Hz in modulation spec-
trum domain. Accordingly, if you apply band-pass
filter to the running speech spectrum, we can reduce
noise components. In the first step, low-pass filtering
is applied to reduce all higher frequency noise com-
ponents.

The logarithmic power spectrum without the ad-
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Fig.3: Comparison of power spectra and log power
spectra. (a): power spectra, (b): log power spectra.

ditive noise component is approximately written as

loglY (n, )l = loglH ()X (n, )
— log|X(n, )] +log|H(n, /)] (4)

This system noise component H(n, f) can be re-
moved by applying band-pass filtering to the time
trajectory of logarithmic power spectrum.

Using RSF influences of the differences in the spec-
tral fine structure are eliminated as shown in Fig.
5 (e). This process removes unnecessary parts of
speeches for speech recognition such as characteris-
tics of speakers and noise influences and consequently
eliminates the differences on DC components.

5. DYNAMIC RANGE ADJUSTMENT
(DRA) ON CEPSTRUM

The dynamic range of cepstrum indicates the dif-
ference between maximum and minimum of cepstral
values. As noted in Section 3, power gains from ut-
terances decrease because of additive noise. It causes
decrease of cepstral dynamic ranges. As a result, it se-
riously degrades the speech recognition performance
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Fig.4: Modulation frequency properties in RASTA
and RSF.

since both maximum and minimum values represent
the characteristics of speech and they are corrupted
by noise. Figure 6 shows distributions of the num-
ber of dynamic ranges of cepstra and proves that dy-
namic range is usually reduced by additive noise even
if RASTA or RSF is applied.

DRA normalizes amplitudes of a speech feature
vector with the maximum amplitude. In DRA, the
amplitude of a cepstrum is adjusted in proportion to
its maximum amplitude as

filw) = fiw)/ wmax_|;(n)|
(t=1,---,m), (5)

where f;(n) denotes an element of the cepstrum, m
denotes the dimension and n denotes the frame num-
ber. Using (5), all amplitudes are adjusted into the
range from -1 to 1.

With DRA/RSF, speech analysis is refined as
shown in Fig. 7. Then using DRA the difference of
cepstral dynamic range is adjusted as shown in Fig.
5 (f) and the cepstrum of noisy speech is adjusted to
the one of clean speech.

6. EXPERIMENTS
6.1 Word Recognition Results

In order to evaluate the noise robustness of the pro-
posed techniques, isolated word speech recognition
using HMM [15] has been carried out. The recog-
nition system is based on the conventional one shown
in Fig. 2. The recognitions part is implemented
using the MATLAB software. The acoustic mod-
els are thirty-two-state one-mixture-per-state HMMs.
The whole database is Japanese common voice data
’Chimei’ which means the names of places. They
are presented by the Japan Electric Industry Devel-
opment Association. The database consists of 100
Japanese isolated words spoken four times by 90 per-
sons. The data are 11.025 kHz and 16 bit sampling
speech. Other conditions are described in Table 1.

RASTA, RSF and DRA are applied. Several com-
binations of recognition are evaluated in these con-
ditions. Speech feature vectors have 38-dimensional

parameters which consist of 12 cepstral coefficients,
12 delta-cepstral coefficients, 12 delta-delta-cepstral
coefficients, delta-logarithmic power and delta-delta-
logarithmic power. Recognition results are shown in
Table 2 and 3. At the first glance, same tendency
of recognition rates are obtained in both white and
running-car noise environments. FEach noise robust
speech feature extraction method, i.e., DRA, RASTA
and RSF, improves recognition performance except
DRA at higher SNR. Comparing recognition perfor-
mances of RASTA and RSF, RSF is a little supe-
rior to RASTA in both noise environments. Then by
combining DRA, both methods shows better perfor-
mances. RSF with DRA shows the best performance
among all methods. Especially in the running-car
noise environment at -10dB SNR, DRA improves the
recognition rate with RSF by 31.15% while DRA im-
proves that with RASTA by 20.75% only.

6.2 Comnsideration

A reason why the combination of RSF and DRA
shows the best performance is derived from the differ-
ence between the IIR filtering of RASTA and the FIR
filtering of RSF. IIR filtering is not stable and causes
phase distortion. The differences of recognition rates
show the advantage of FIR filtering and RSF.

The other reason is derived from the DC offset. It
makes serious influence on cepstrum by the increase
or the decrease of whole values. Fig. 5. compares the
original first order MFCC and the ones after RASTA
and RSF. In the original cepstrum, DC offset occurs
and the cepstral values of clean and noisy speeches
in non-speech frames are much different. DRA can
adjust the cepstral dynamic range but cannot correct
the difference of position of whole waveform. More-
over, it can causes eccentric maximum amplitude.

Such higher maximum amplitude causes excessive
adjustment in (5) because DRA uses maximum am-
plitude for normalizing. Excessive adjustments make
speech characteristics flatter and degrade recognition
performances. Therefore, DC offset should be re-
moved for making use of DRA effectively. Comparing
coefficients using RASTA and RSF, RSF can elimi-
nate DC offset and both values of clean and noisy
speeches in non-speech frames are almost same. On
the other hand, DC offset remains in RASTA. There-
fore, DRA may not work correctly with RASTA.

7. HARDWARE IMPLEMENTATION
7.1 VLSI Design of RSF/DRA

This section describes the hardware development
of the RSF/DRA based robust speech recognition sys-
tem. The goal of the hardware development is to pro-
vide real time processing and low power dissipation
for a complete recognition processing. Mobile phones
and PDAs require not only high recognition accuracy
but also a long battery lifetime. Human-robot inter-
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Fig.5: A comparison of trajectories of the 1st order cepstra among baseline MFCC, MFCC after RASTA and
MFCC after RSF. The solid lines show cepstrum of clean speech and the dash lines show one of noisy speech
(running-car noise, 0dB SNR). The sample speech is /Kitami/ in Japanese. Used methods are as follows;
(a): Baseline MFCC (b): MFCC after DRA (c): MFCC after RASTA (d): MFCC after RASTA and DRA
(e): MFCC after RSF (f): MFCC after RSF and DRA.

faces regard a short-time response as important to
use recognition results for various actions.

A main stream of hardware design is classified into
two categories, i.e., a processor and a custom hard-
ware. A custom hardware has the advantages of cir-
cuit area and power consumption. In particular, if
a complete recognition system (that includes speech
analysis, robust processing, and recognition process-
ing) is implemented into a single chip, a pure custom
hardware can reduce redundant parts and achieves
lower power than a hybrid of a DSP and a custom
hardware. Hence, we have developed a complete
recognition that executes all the processing of speech

recognition. The designed system is embedded into
a CMOS chip and a field programmable gate array
(FPGA) board.

Figure 8 shows a whole structure of the recognition
system. The system consists of speech recognition (il-
lustrated as “HMM?”), speech analysis (“MFCC”), ro-
bust processing (“RSF/DRA”), and system control.
We described the VLSI implementation of a recogni-
tion part in [2]. The block diagram of speech analysis
and robust processing parts is illustrated in Fig. 9.
The MFCC circuit consists of a 512-point FFT, a
logarithm arithmetic unit, and a 12-point IDCT (In-
verse Discrete Cosine Transform). The RSF/DRA
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circuit consists of a FIR filter, a divider and memory
units. We have adopted a fixed point format for all
the arithmetic operations. The word lengths of arith-
metic units are minimized by iterative software sim-
ulations. The output data of the RSF/DRA circuit
is given by an 8-bit word length with dynamic scal-
ing. Figure 10 illustrates a detailed structure of the
RSF/DRA circuit. The RSF/DRA circuit executes
FIR filtering, calculating delta cepstral coefficients,
and normalizing cepstral parameters in amplitudes.
The divider is used for calculating reciprocal numbers
in the DRA processing. The maximum amplitudes
of cepstral parameters are calculated simultaneously
with FIR filtering in the RSF processing. The RSF
coefficients can be exchanged if those data are stored
in an external memory. The dynamic scaling extracts
8 bits from 24 bits in cepstral data where those scal-
ing factors are given by the HMM training data.

Table 4 shows processing time in the recognition
system at a 0.18-uym CMOS standard cell and a 128-
MHz clock frequency. The processing time of recog-
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nition is proportional to the number of word models.
For example, an 800-word vocabulary task takes 28.6
ms in the total. Note that speech analysis processing
is processed during an utterance. The response time
after an utterance amounts to 34.9 ms in this task.
Since this result is more than enough for achieving
real time processing, it could minimize power dissi-
pation by decreasing a clock speed. See [2] for the
comparison of power dissipation between the custom
hardware and a standard DSP.
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7.2 FPGA Board

The recognition system has been implemented to
a FPGA board to verify circuit behavior and test
actual recognition performance under real environ-
ments. Figure 11 shows the block diagram of FPGA
board. The sampling clock generator, the A/D con-
verter, the serial port interface, and the external
SRAM are connected to the FPGA board. The sam-
pling rate is 11.025 kHz with 12-bit quantization. The
sequential control unit substitutes for a microproces-
sor. Speech detection starts when a switch on the
board is pushed and ends automatically, after 1.5 sec-
onds. Users should utter a word during this period.
After the detection, recognition results are displayed
as word numbers on an LED. Table 5 denotes the
implementation results of the recognition system in a
FPGA device of Altera APEX20KE. The clock speed
can be changed to 5, 10, and 20 MHz. Due to the
limitation of FPGA resources, we reduced the num-
ber of parallel arithmetic units to 1/4 in the recogni-
tion part. For a 40-word vocabulary with a speaker
independent task, the FPGA board provided about
97% in recognition accuracy under real environments
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Table 1:

iments.

The condition of speech recognition exper-
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1-0.97z71
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12-dimensional delta MFCC,
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32-states continuous

word HMMs
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speakers, 3 utterances each
Speaker-independent,
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Fig.11: Block diagram of the FPGA board.

Start Signal PC

including distortions caused by a microphone and an
A/D converter. Since the time length of speech de-
tection is fixed in the current system, we consider
that use of better detection algorithms would improve
recognition performance.

8. CONCLUSIONS

In this paper, the techniques for noise suppression,
DRA and RSF are explored in detail. RSF empha-
sizes speech frequency bands by applying the FIR fil-
tering. DRA normalizes the maximum amplitudes of
the cepstrum. The effectiveness is evaluated in new
speech recognition experiments. Note that both data
of males and females are used in training and recog-
nition phases. It is noted that the combination of
RSF and DRA shows the best performance. This
result indicates that RSF extracts speech character-
istics more effectively than RASTA and a synergistic
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Table 2: Recognition rates versus white noises for
the estimation of feature extraction.

Speech Feature Rec. Rates [%)]

] SNR | 10dB | 20dB | 30dB
Conventional 57.30 | 96.70 | 99.35
DRA 70.15 | 96.05 | 99.25
RASTA 70.45 | 96.95 | 99.20
RSF 74.55 | 97.05 | 99.25
RASTA+DRA | 80.90 | 97.25 | 99.35
RSF+DRA 85.05 | 97.10 | 99.15

Table 3:  Recognition rates wversus running car

noises for the estimation of feature extraction.

Speech Feature Rec. Rates [%)]

[ SNR |[-10dB [ 0B | 10dB
Conventional 17.10 | 77.80 | 95.55
DRA 25.40 | 76.90 | 95.25
RASTA 27.80 | 90.80 | 98.35
RSF 32.35 [ 90.20 | 98.50
RASTA+DRA || 48.55 | 89.90 | 97.80
RSF+DRA 63.50 | 93.75 | 98.35

Table 4: Processing time in the recognition system
at a 128-MHz clock frequency and an 800-word vo-
cabulary task.

. 12.5 ms
Speech Analysis (1455 / frame)
Robust Processing 6.3 ms

28.6 ms at 800 words

) .
Speech Recognition (35.7us / word)

effect should exist between DRA and RSF.

In addition, we have developed the total speech
recognition system with 0.18um CMOS LSI in order
to realize real time processing. It can be designed by
around 400k gates. The total power consumption is
fairly less than that of DSP based embedded speech
recognition systems. In this paper, the FPGA system
design has been also introduced. It is quite suitable
for testing the system.
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