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ABSTRACT

In any real environment, noises degrade the perfor-
mance of Automatic Speech Recognition (ASR) sys-
tems. Additionally, in the case of similar pronuncia-
tions, it is not easy to realize a high accuracy of recog-
nition. From this point of view, our work envisions
an enhanced algorithm processing a speech modula-
tion spectrum, such as Running Spectrum Analysis
(RSA). It was also adequately applied to observed
speech data. In the envisioned method, a modula-
tion spectrum filtering (MSF) method directly mod-
ified the observed cepstral modulation spectrum by
a Fourier transform of the cepstral time frequency.
The method and experiments carried out for various
passbands had favorable results that showed an im-
provement of about 1-4 % in recognition accuracy
compared to conventional methods.
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1. INTRODUCTION

The fundamental functions in speech recognition
are speech feature extraction and feature matching.
Various speech features, including ones from linear
prediction coding (LPC) [14], time-varying linear
prediction coding (TVLPC) [5], and mel frequency
cepstral coefficients (MFCC)[69] among others, have
been used to model speech recognition either sin-
gularly or collectively in improving the accuracy of
speech recognition. MFCC, which is based on the
spectral content of a signal and can be considered as
one of the standard methods for feature extraction
[10] and it was used in our study.

Speech recognition systems often suffer from mul-
tiple sources of variability due to corrupted speech
signal features [11]. In compensating for distortions,
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most speech recognizers use normalization methods
and noise filtering techniques in conjunction with
voice activity detection (VAD) techniques. Improved
accuracy in noise robust speech recognition can be re-
alized by processing speech using running spectrum
filtering (RSF) [12-13], for example. The downside,
is high its computational costs and high demand on
memory.

In the recent past, several common methods re-
lated to the use of modulation spectrum features for
noisy speech recognition have been developed [1416].
Running spectrum analysis (RSA) is not only an ef-
fective technique for reduction of noise in the mod-
ulation spectrum domain (MSD) [17] but it can also
be deployed to realize ideal processing [18].

Although running spectrum analysis (RSA) is a
well known method focusing on modulation spec-
trum, it has mostly been applied for automatic con-
tinuous speech recognition [19]. Furthermore, in
speech, its application has been mainly focused on the
frequency components in the range of 2-8 Hz because
this range contains the dominant elements of the am-
plitude envelope of speech [20-21]. The modulation
frequency band at higher than 8 Hz can be regarded
as miscellaneous noise or unnecessary speech compo-
nents related to the speakers characteristics, such as
tone and pronunciation, among other factors [22].

However, this work presents a novel noise-robust
feature extraction framework that leverages the tech-
nique of RSA on isolated phrase recognition. This
work was envisioned with the goal to enhance RSA
for the purpose of achieving higher recognition accu-
racy for both males and females, as well as for sim-
ilar and dissimilar pronunciation of spoken Japanese
phrases under noisy conditions. Robust speech fea-
tures realized using this method can be required in
many applications, including modelling for analy-
sis/synthesis and recognition of isolated utterances
with Listen/Not-Listen states. Situations in which
this method can be applied include tasks that require
a human machine interface such as automatic call
processing in telephone networks and query based in-
formation systems such as voice dictation, and stock
price quotations, [23] among others. The authors as-
sumed that the proposed method performance relates
to gender just as recognition accuracy can be influ-
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enced by the signal-to-noise ratio (SNR), which the
authors aim to ascertain.

In this study, running spectrum analysis (RSA)
was applied to the modulation spectrum for noise
robust speech recognition of adequately selected fre-
quency components. The noise effect was dealt with
by filtering the range of frequency components, 1-
7 Hz, 1-15 Hz, 1-35 Hz and 1-40 Hz in the modu-
lation spectrum domain. Furthermore, it is argued
that the expected speech recognition accuracy can be
improved when modulation spectrum filtering (MSF)
directly modifies the cepstral modulation spectrum
(CMS) [16] which is specifically referred to as the
Fourier transform of the cepstral time sequence.

Although hidden Markov modelling (HMM) based
approaches require training in automatic speech
recognition (ASR) systems, the HMM method has
been widely used. Since there are several noise re-
duction methods and speech enhancement methods
against any noise, almost all ASR systems using
HMM and noise reduction can show higher accuracy
of speech recognition than a conventional standard
HMM based ASR.

The rest of the paper is organized as follows. In
Section 2, the proposed system is explained. In Sec-
tion 3, the performance of proposed method is eval-
uated. In the same section, experimental conditions
are explained and the results stated. Section 4 dis-
cusses the results and in Section 5, which is the con-
clusion, compares the enhanced RSA over the RSF.

2. PROPOSED SYSTEM

The motivation of this study is to evaluate the
effectiveness of enhanced running spectrum analysis
(RSA), which is explained later, as it compares with
running spectrum filtering (RSF). RSA is a process-
ing of speech over modulation of the spectrum do-
main. Linguistically dominant factors of the speech
signal may occupy different parts of the modulation
spectrum than do some non-linguistics factors, such
as steady additive noise [24]. A proper processing of
the modulation spectrum of speech may improve the
quality of noisy speech. Investigations on the possibil-
ities of the modulation spectrum domain for enhance-
ment of noisy speech [25-26] support the dominance
of the modulation spectrum components in the vicin-
ity of 2-8 Hz. We now explain the effect of noise in
running and modulation spectrum domains.

For standard speech information processing, the
frame con- cept has been applied. The 256 sam-
ple point length frame was first defined and using
this frame and a short time speech waveform was ex-
tracted. For the short time speech waveform, a speech
power spectrum was calculated as a typical speech
analysis technique. The frame was shifted with 128
points and then many short time speech waveforms
can be obtained. The running spectrum is defined
as the time trajectory in the frequency domain. It

consists of many speech power spectra obtained from
short time frames. The modulation spectrum is de-
fined as the spectrum in time varying the short-time
running spectrum.

Figures 1(a) and 1(b) show the power spectra of
cleanspeech and speech with additive white noise at
a 10 dB SNR for a Japanese phrase /genki/. Both
spectra were calculated from short time speech wave-
forms. These figures indicate that the dynamic range
of a power spectrum of a noisy speech is smaller than
that of a clean spectrum. Additionally, some of the
power spectrum characteristics are unobservable un-
der noisy conditions. Figure 1(c) shows the running
spectrum of clean speech, while Figure 1(d) shows the
running spectrum of noisy speech of the same phrase
/genki/. There are three axes, i.e., frequency, frame
number and power amplitude axes.

When we observed the data on the frame number
axis, the frequency was fixed to a specific value and
its data can be recognized in the time domain. They
can be applied using a fast Fourier transform (FFT).
After such a FFT is applied to all frequencies, we
can obtain new 3-D data in the modulation spectrum
domain. The modulation spectrum of the noisy signal
is shown in Figure 1(f) and the modulation spectrum
of the clean speech is shown in Figure 1(e).

Fig.1: Power spectra of (a) clean speech, and (b)
noisy speech phrase /genki/ with white noise at 10
dB SNR. Running spectrum of (c) clean speech and
(d) noisy speech. Modulation spectrum of (e) clean
speech and (f) noisy speech with RSF
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Figure 2 shows the proposed system for which re-
sults and analysis are presented in Section 3. The left
side of the figure shows the processes for male speak-
ers while the right side of the same figure shows the
processes for female speakers. For each gender case,
two output models for similar pronunciation (SP) and
dissimilar pronunciation (NSP) are, respectively, re-
alized. In the proposed system, there are four differ-
ent kinds of filtering in RSA. The optimal filtering of
RSA was applied for male and female speakers, SP
and NSP.

In Figure 2, noisy speech at different signal-to-
noise ratios (SNRs) was input into a short-term en-
ergy (STE) based VAD for the purpose of retaining
speech segments with sufficient energy while eliminat-
ing segments classified as noisy or silent. As in the
case of training, the speech features were extracted
using the standard MFCC for spectral analysis. A
HMM based automatic speech recognition (ASR) sys-
tem was utilized for testing. The gender of speaker
(male or female) as well as the speech type, SP or
NSP for each gender were decided. This process re-
sults in four outputs: male SP, male NSP, female SP
and female NSP. For each gender and speech type
combination, the speech signal was passed through a
voice activity detection (VAD) process to retain seg-
ments with speech activity or segments of high energy
while eliminating segments with background noise or
the ones with less energy prior to feature extraction.

Figure 3 shows the feature extraction process using
a fast Fourier transform (FFT) based MFCC with
running spectrum filtering (RSF) for log spectra as a
noise reduction technique.

In Figure 3, it is shown that to obtain mel cep-
strum, speech data was initially pre-emphasized and
the pre-emphasized speech waveform in the time do-
main is frame-blocked and windowed with a pre-
defined analysis window. Later, a fast Fourier trans-
form (FFT) was computed. The magnitude of the
output was then weighted using a series of mel fil-
ter frequency responses whose center frequencies and
bandwidth roughly matched those of the auditory
critical band filters [27]. The FFT bins were later
combined so that each filter had unit weight. From
the weighted sums of all amplitudes of signals, a vec-
tor was obtained by logarithmic amplitude compres-
sion. RSF was then applied beforetransforming the
result to a MFCC parameter using a discrete cosine
transform (DCT).

The performance of most, if not all, speech/audio
processing methods is crucially dependent on the ro-
bustness of the extracted speech features. The ac-
curacy of automatic speech recognition remains an
important research challenge [23]. Most current fea-
ture extraction methods are still vulnerable to certain
noises such as car noise [28].

Figure 4 shows the MFCC feature extraction pro-
cess with running spectrum analysis (RSA). After

spectral analysis, RSA was applied to realize the
modulation spectrum. After that stage, the process
was done as explained under feature extraction with
RSF. In both cases, the features were trained using
HMM.

In this paper, different types of enhanced RSA
were selected for male and female speakers under
noisy conditions.

During our preliminary study, among the RSA
type (c) and type (f) were found to be better per-
formers for male NSP and for SP respectively. Our
study shows that, for example, in the case of a fe-
male NSP, RSA with type (h) performed better at
high noise levels, while types (c) and (d) performed
better at low noise levels. Similarly, for a female SP,
RSA with types (c) and (h) were found to perform
better at high noise levels, while type (d) performed
better with less noise. The candidate for use with re-
sults examining male or female speech were selected
based on the maximum likelihood of HMM. Under
noisy conditions, various types of RSA showed differ-
ent performance for male and female speakers.

The proposed RSA differs from the one discussed
in [19]. The former focuses on a modulation frequency
range of 2-8 Hz. However, in this study we evalu-
ate the performance of several RSA types shown in
Table 1. This table shows 8 RSA passband speci-
fications whose different sets of values are given as
examples of filtering. In the modulation spectrum,
it is possible to see the frequency range of the power
concentration for each phrase and thereby help to de-
cide which RSA type is most suitable. Each passband
had a low cut-off frequency (LCF), and a high cut-
off frequency (HCF). The difference between the two
frequencies represents the number of frequency com-
ponents over the modulation spectrum domain that
are to be processed. In this way, we aim to deter-
mine the performance of the new RSA over the RSF
by changing parameters such as: i) the number of
frequency components (7, 15, 30, or 40 components),
ii) the type of speaker (male or female), and iii) the
signal-to-noise ratio (SNR) (10 dB, 15 dB, or 20 dB).

Table 1: RSA passband specifications
RSA Type LCF (Hz) HCF (Hz)

(a) 1 7
(b) 1 15
(c) 1 35
(d) 1 40
(e) 0.5 7
(f) 0.5 35
(g) 0.1 7
(h) 0.1 35

3. EXPERIMENTAL RESULTS

3.1 Objectives of the Experiments

The first objective of the experiments was to com-
pare the performance of the proposed enhanced RSA
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Fig.2: Proposed system.

Fig.3: Feature extraction with RSF.

to the RSF on similar and dissimilar pronunciation
of Japanese phrases. The second objective was to
evaluate how the performance related to gender. The
main method used for speech enhancement was filter-
ing. We evaluated the adaptability of our proposed
RSA over the modulation spectrum and compared its
results to those of RSF. In this study, RSF was em-
ployed to act as the basis for comparison and to de-
termine better performing RSA types at given SNRs
for both genders.

3.2 Simulation parameters and conditions of
experiments

Table 2 shows the simulation parameters. Train-
ing sets of 30 male speakers and 30 female speak-
ers, each speaker uttering six similar phrases and 100
common Japanese phrases, and each phrase repeated
three times, were used for the front-end feature ex-
traction and for 32-state isolated (HMM) in train-
ing. Testing sets were utilized consisting of ten male
speakers and ten female speakers (not used in train-
ing), with each speaker uttering six similar phrases
and 100 common Japanese phrases and each phrase
repeated three times.

Table 2 shows the simulation parameters.

Fig.4: Feature extraction with RSA.
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Table 2: The condition of speech recognition exper-
iments

Parameter name Parameter value/type
Sampling 11.025 kHz (16-bit)
Frame length 23.2 ms (256 samples)
Shift length 11.6 ms (128 samples)
Pre emphasis 1−0.97z−1

Windowing Hanning window
Speech bi(i = 1, . . . , 12)
Feature ∆bi(i = 0, . . . , 12),
vectors ∆2bi(i = 0, . . . , 12),
Training Set 30 male , 30 female

3 utterances each
Tested Set 10 male, 10 female,

3 utterance each
Acoustic Model 32-states isolated phrase HMMs
Noise 4 types from NOISEX-92
varieties (white,pink, HF radio channel,

babble)
SNR 10 dB, 15 dB, 20 dB
Filtering RSF, RSA,
methods

The speech sample was at 11.025 KHz with 16-bit
quantization. Frame-by-frame, 38-dimensional FFT
based MFCC feature vectors were extracted after pre-
emphasis and Hanning windowing. In the testing
stage, 10, 15, and 20 dB of four types of noises were
artificially added to the original speech. We compare
the performance of proposed enhanced RSA of spec-
ified passbands to those by RSF with four types of
noises; white, pink, HF channel and babble noises us-
ing MATLAB (R2014a) software. Under the stated
conditions, we measure the average recognition rates
for ten speakers on RSF and eight enhanced RSA
passband specifications given as Types (a) to Type
(h) at 10, 15, and 20 dB SNR.

Table 3 shows the average recognition accuracy for
100 common Japanese phrases spoken by males. Ta-
ble 4 shows the average recognition accuracy for sim-
ilar spoken Japanese phrases by male speakers. Ta-
ble 5 shows the average recognition accuracy for 100
common Japanese phrases spoken by female speak-
ers. Table 6 shows the average recognition accuracy
for similar Japanese phrases spoken by female speak-
ers.

3.3 Simulation results and analysis

Analysis is carried out for the Japanese common
and similar phrase databases. We used gender (male
and female) and four SNRs (10, 15, and 20 dB) as
variables. Analysis of results analysis focused on the
performance of the enhanced RSA types on the vari-
ous acoustic measures. The four kinds of noises used
in the experiments were based on Signal Processing
Information Base (SPIB) noise data measured in the
field by the Speech Research Unit (SRU) at the Insti-

tute for Perception-TNO, Netherlands, United King-
dom, under project number 2589-SAM (Feb. 1990)

In this paper the model formulation is as fol-
lows: the model uses FFT based MFCC coef-
ficients consisting of 38-dimensional feature vec-
tors. The 38-parameter feature vector con-
sisting of 12 cepstral coefficients (without the
zero-order coefficient) plus the corresponding 13
delta and 13 acceleration coefficients is given by
[b1b2 . . . b12∆b0∆b1 . . .∆b12∆2b0∆2b1 . . .∆

2b12] where
bi, ∆bi and ∆2bi, are MFCC, delta MFCC and delta-
delta MFCC, respectively.

3.4 Results Explanations

In Table 3 at 10 dB SNR, RSA with type (c) per-
formed better (76.6 %) compared to RSF (72.5 %).
At 15 dB SNR, RSA with type (c) performed better
(90.1 %) compared to RSF (87.6 %). RSA with type
(c) performed better (94.9 %) than RSF (92.8 %) at
20 dB SNR.

RSA with type (c) (1 35) performed better than
RSA with type (a). For RSA with type (c), the recog-
nition accuracy results decline (from 76.6 % to 72.6
% for types (c), (f) and (h)) with an increase in band-
width (for (c)(1 35), (f) (0.5 35), and (h) (0.1 35)).

Overall, RSA with type (c) (1 35) performed better
at the given SNR.

In Table 4 RSA with type (f) performed better
(69 %) than RSF (58 % ) at 10 dB SNR. RSA with
types (f) and (h) performed better (67 %) than RSF
(60 %) at a 15 dB SNR. RSA with types (f) and (h)
performed much better (73 %) than RSF (66 %) at
20 dB SNR.

At 10 dB, an increase was observed in a bandwidth
from RSA with type (f)(0.5 35) to RSA with type
(h)(0.1 35). There was a slight decline in recognition
accuracy of 1 % (from 69 % to 68 %). Alternatively,
at a 15 and 20 dB SNR, a similar increase in band-
width of the RSA with type (f)(0.5 35) to that of
RSA with type (h) (0.1 35) showed no change in the
results, both at 67 % and 73 %.

Overall, RSA with type (f) (0.5 35) performed bet-
ter. In Table 5, at a 10 dB SNR, RSA with type (h)
performed better (58.7 %) than RSF (56.3 %). RSA
with type (h) was a better performer (82.7 %) among
the new RSAs and was better than RSF (79.9 %) at a
15 dB SNR. RSA with types (c) and (d) were better
performers (91.1 %) among the new RSAs and their
performance was improved compared to RSF (89.1
%) at a 20 dB SNR.

Generally, RSA with a 35 frequency component
range showed better performance than RSA with a 7
frequency component range. For RSA with a 35 fre-
quency component range, the recog- nition accuracy
increased from 55.8% to 57.6% and later to 58.7% at
a 10 dB SNR and from 80.8% to 82.3% and later to
82.7% at a 15 dB SNR for RSA with type (c) (1 35),
RSA with type (f) (0.5 35) and RSA with type (h)
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Table 3: Average recognition accuracy(%) for 100 common Japanese phrases spoken by males
Avg(%) for 4 Noises
10 dB 15 dB 20 dB

RSF 72.5 87.6 92.8
RSA:Type(a) 69.3 83.5 88.5
RSA:Type(b) 74.0 87.0 91.3
RSA:Type(c) 76.6 90.1 94.9
RSA:Type(d) 76.5 89.9 94.8
RSA:Type(e) 66.4 81.2 86.5
RSA:Type(f) 72.6 87.2 92.7
RSA:Type(g) 66.9 81.2 86.4
RSA:Type(h) 72.6 87.2 92.7

Table 4: Average recognition accuracy(%) for similar Japanese phrases spoken by males
Avg(%) for 4 Noises
10 dB 15 dB 20 dB

RSF 58 60 66
RSA:Type(a) 57 61 61
RSA:Type(b) 63 65 71
RSA:Type(c) 65 66 68
RSA:Type(d) 65 66 70
RSA:Type(e) 62 63 67
RSA:Type(f) 69 67 73
RSA:Type(g) 55 56 61
RSA:Type(h) 68 67 73

Table 5: Average recognition accuracy(%) for 100 common Japanese phrases spoken by females
Avg(%) for 4 Noises
10 dB 15 dB 20 dB

RSF 56.3 79.9 89.1
RSA:Type(a) 51.5 75.9 84.4
RSA:Type(b) 56.3 80.3 89.4
RSA:Type(c) 55.8 80.8 91.1
RSA:Type(d) 55.3 80.5 91.1
RSA:Type(e) 55.0 80.2 88.2
RSA:Type(f) 57.6 82.3 90.5
RSA:Type(g) 55.5 80.3 88.2
RSA:Type(h) 58.7 82.7 90.5

Table 6: Average recognition accuracy(%) for similar Japanese phrases spoken by females
Avg(%) for 4 Noises
10 dB 15 dB 20 dB

RSF 55 62 71
RSA:Type(a) 60 67 70
RSA:Type(b) 60 67 70
RSA:Type(c) 62 63 73
RSA:Type(d) 58 66 75
RSA:Type(e) 60 62 69
RSA:Type(f) 57 64 69
RSA:Type(g) 62 62 69
RSA:Type(h) 59 64 68

(0.1 35), respectively. At a 20 dB SNR, there was
a slight decline in accuracy from 91.1% to 90.5% for
RSA with type (c) (1 35) and both RSA with types
(f) (0.5 35) and (h) (0.1 35).

RSA with type (h) (0.1 35) performed better at a
< 20 dB SNR while RSA with types (c) (1 35) and (d)
(1 40) performed better at a > 15 dB SNR. In Table
6 RSA with types (c) and (h) showed better perfor-
mance (64%) among RSA schemes and were better
than RSF(57%) at a 10 dB SNR. At a 15 dB SNR,
RSA with type (d) performed better (72%) than other

RSA schemes and better than RSF (68%). RSA with
type (d) was a better performer (77%) among the
RSA schemes and also performed better than RSF
(75%) at a 20 dB SNR. Generally, RSA with a 35 fre-
quency component range showed better performance
than RSA with a 7 frequency component range.

For RSA with a 35 frequency component range,
the recognition accuracy showed a tendency of decline
from 64% to 62% at a 10 dB SNR and a decline from
71% to 69% at a 15 dB SNR and from 78% to 76% at
a 20 dB SNR for RSA with type (c) (1 35) and RSA
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with type (f) (0.5 35).

3.5 Analysis

Conventionally, RSF is a bandpass filter in a sys-
tem that reduces the amplitudes of signal components
that lie outside a given frequency range. It only lets
through components within a band of frequencies.
Bandpass filters are particularly useful for analysing
the spectral content of signals. The proposed RSA
simulated bandpass filtering by processing selected
frequency components in the modulation spectrum
domain.

Experimental results showed that the proposed
RSA performed better than a conventional RSF. In
the case of common Japanese phrases spoken by
males in Table 3, the new RSA with type (c) (1 35)
produced better results while for similar Japanese
phrases spoken by males in Table 4, the new RSA
with type (f) (0.5 35) showed better performance with
reference to the evaluated specifications.

In the case of common Japanese phrases spoken
by females in Table 5, the proposed RSA with type
(h) (0.1 35) showed better results for similar Japanese
phrases in Table 6. The proposed RSA with type (c)
(1 35), the RSA with type (g) (0.1 7) at 10 dB, the
new RSA with type (a) (1 7) and with type (b) (1
15) at 15 dB, and the RSA with type (d) at a > 15
dB SNR performed better.

Based on the experimental results, for male NSP
we found the most effective method was RSA with
type (c) (1 35) at all SNRs under consideration, while
for male SP, RSA with type (f) (0.5 35) was bet-
ter at > 10 dB SNR. In the case of female speakers,
the results indicated that for NSP, the most effective
method was RSA with type (h) (0.1 35) at a < 20
dB SNR,while at a > 15 dB SNR, RSA with type (d)
(1 40) showed better performance. For SP, RSA with
type (h) (0.1 35) was better at a < 15 dB SNR, while
RSA with type (d) (1 40) performed better at > 10
dB SNR

4. DISCUSSION

In this section, we discuss the findings of our ex-
periments. We show the positive contributions in ap-
plying the proposed enhanced RSA types with high
frequency components on isolated speech recognition.
Using a different number of frequency components,
we mimicked bandpass filter to isolate each frequency
region of the signal in turn so that we could measure
the energy in a selected region. The same process was
applied for both male and female speech recognition.
Table 7 shows the average improvement of recognition
accuracy for the better performers at each SNR.

Both, the speech type (NSP and SP) and SNR (at
10, 15, and 20 dB) tended to influence performance of
the proposed method hence the variation in results.
The results indicate that proposed enhanced RSA de-
pended on the input signal. For each speaker and

Table 7: Average recognition improvement(%)
Avg improvement(%)
10 dB 15 dB 20 dB

Male, NSP 4.1 2.5 2.1
Male, SP 11 7 7
Female, NSP 2.4 2.8 2.0
Female, SP 7 4 2

speech categories, there was an enhanced RSA type
that showed a superior performance. Both the wide
and narrow bands performed differently on phrases
spoken by males and females. For instance, a male
SP had an 11% improvement at 10 dB compared to
7% for female SPs. Our proposed method showed
improved performance on male SPs compared to fe-
male SPs (11%, 7%, 7%, versus 7%, 4%, 2%,) at 10,
15, and 20 dB, respectively. Alternatively, results for
male versus female NSPs were (4.1%, 2.5% 2.1% ver-
sus 2.4%, 2.8%, and 2.0%), respectively. It was ob-
served that under the experimental conditions, male
NSPs were better than female NSP at 10 dB, while
female NSPs were slightly better than male NSPs at
15 dB.

The accuracy of a speech recognition system can be
defined as the percentage of time that the recognizer
correctly identifies an input utterance. Recognition
errors can be generally classified as misrecognitions
or nonrecognition errors. The tendency of differences
in recognition accuracy between males and females
can be attributed to several factors including user
characteristics (age, gender), the language (vocabu-
lary size), and the channel and environment (noise),
among many others [29]. The more varied the group
of speakers using the system, the more challenging
the recognition process. It is more difficult for a
speaker-independent system to accurately recognize
both male and female speakers.

The most limiting problem of larger vocabulary
sizes is the corresponding decrease in recognizer ac-
curacy. This refers to the total number of differ-
ent phrases the speech recognizer is able to identify.
Therefore, the tendency of the differences in recogni-
tion accuracy among the 100 Japanese phrases and
the Japanese similar pronunciation phrases was due
to the difference in database size. A smaller database
(of similar pronunciation phrases) has an increased
chance of better recognition compared to a much
larger database (of 100 Japanese phrases), in this
case. In the latter, an increased number of misrecog-
nitions and false recognitions is often recorded as a
result.

5. CONCLUSION

The paper proposes running spectrum analysis
(RSA) with certain passbands for noisy speech recog-
nition. Performance of speech recognition for short
Japanese phrases was compared with those obtained
by running spectrum filtering (RSF). Experiments
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were conducted for various passbands, and the results
showed an advantage over the RSF method. Filtering
was optimized as in the case of RSA.

Theoretical analysis indicates the proposed RSA
bandpass schemes are less complex to realize and ex-
perimental results demonstrate the effectiveness of
the proposed approach in improving the robustness
of automatic isolated phrase recognition.

From the experimental results, it has been demon-
strated that the use of RSA with high frequency com-
ponents, particularly the ones in the range of (0.5 35),
can be useful in ASR. In this study, RSA on a 35 fre-
quency component range showed better performance
than RSA on a 7 frequency component range used
in other related research studies. Under noisy condi-
tions, various types of RSA showed different perfor-
mance for male and female speakers. It was discov-
ered that in the case of male speakers, system per-
formance was influenced m ostly by the RSA type,
while for that of female speakers, the performance
relied mostly on the SNR. In future, we plan to eval-
uate our proposed method on recognition of childrens
speech and develop a recognition system that can dis-
tinguish between a child’s voice and that of an elderly
person.
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