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Abstract

In the context of automatic speech recognition, the pop-
ular Mel Frequency Cepstral Coefficients(MFCC) as fea-
tures, though perform very well under clean and matched
environments, are observed to fail in mismatched con-
ditions.The spectral maxima are often observed to pre-
serve their locations and energies under noisy environ-
ments, but are not presented explicitly by the MFCC fea-
tures. This paper presents a framework for represent-
ing the maxima information for robust recognition in the
presence of additive White Gaussian Noise(WGN). For
the task of phoneme based Isolated Word Recognition
(IWR) under different Signal to Noise Ratio (SNR) envi-
ronments, the results show an improved recognition per-
formance. The cepstral features are computed from a re-
constructed spectrogram by fitting gaussians around the
spectral maxima. In view of the inherent robustness and
easy trackability of the maxima, this opens up interesting
avenues towards a robust feature representation as well as
preprocessing techniques.

1. Introduction

Robustness to additive environmental noise is a prime re-
quirement for practical applications of speech recogni-
tion. One of the points highlighted by a survey of re-
search techniques for noisy speech recognition is that,
it is essential to give more importance to high Signal to
Noise Ratio (SNR) portions of speech in decision making
[1]. Dominant spectral peaks are such high SNR values
in the original spectrum. Effect of additive noise on the
spectrogram of a speech signal shows that the spectral
valleys are more corrupted than the spectral peaks. The
noise tends to flatten the valleys in the spectrum, thereby
reducing the variance of the noise-corrupted speech. Con-
sequently, the spectral peak-to-valley ratio is also reduced
distorting the spectral contrast.

The issue of making use of spectral peak information
in a speech recognition system has been previously ad-
dressed in [2] and [3]. However, applicability of spectral
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ma as feature vector directly presents some prob-
such as their non-uniform length across the frames,
ll as identification of spurious maxima in the pres-

of noise. This paper proposes a framework for incor-
ing the maxima information into the standard Mel
ency Cepstral Coefficient (MFCC) feature vectors.
rds achieving this, the speech spectrum is recon-
ted by fitting gaussians of uniform variance around
pectral maxima and is fed as input to the mel-banks
tandard MFCC-based front-end of a speech recog-

. Improved recognition results, with both clean as
as additive White Gaussian Noise (WGN) corrupted
h, have been recorded with MFCC features com-
on such reconstructed spectrograms.

signal can be represented quite efficiently in terms
northogonal gaussians [4]. Ideally, it is possible to
e the parameters of the optimal gaussian basis func-
that represent the signal most efficiently, i.e. mini-
error for a given number of basis functions. Signif-
studies have been made towards obtaining optimal
ithms for finding the best fit in terms of gaussians, in
ast square sense. However, this presents a difficult
near optimization problem that is computationally
bitive. Moreover, in the speech recognition front-
the gross spectral characteristics of the speech signal
resented through a bank of overlapping, mel-scale
d, filters to the Hidden Markov Models (HMM), af-

ecorrelating them with the Discrete Cosine Trans-
(DCT). A complete or exact reconstruction of the
rum is hence not essential for speech recognition.
gross information about the spectral characteristics

e given speech signal is reliably conveyed by the
ral maxima. Also, the spectral maxima deserve a
r fit since they are perceived with greater accuracy
hich in this case, is ensured by the least error at the

ral peaks. Though computation of maxima brings
overhead in terms of book-keeping, the experimen-
sults show that it has distinct advantages in terms of
tness.

ection 2 details the computation of spectral max-
and the reconstruction procedure using gaussians.
on 3 describes the experimental set up and presents
ecognition results in terms of word and phoneme
nition for the task of phoneme based Isolated Word



Recognition (IWR), for clean and additive WGN corrupted
speech at different SNR. A concluding discussion on the
issues involved in further improving the robustness of
speech recognition with the robust spectral maxima rep-
resentation is presented in section 4.

2. Maxima computation and spectral
reconstruction

2.1. Definition and computation of maxima

A function � � � � has a relative (or local) maximum at � �
if there is some interval � 	 �  � containing � � for which� � � � � � � � � � for all � between 	 and  for which � � � � is
defined. Similarly, � � � � has a relative (or local) minimum
at � � if there is an interval � 	 �  � containing � � for which� � � � � � � � � � for all � between 	 and  for which � � � �
is defined. Relative extremum means either a relative
maximum or a relative minimum. By the first derivative
test, relative extrema occur where � � � � � changes sign.
Once the extrema are found, the local maximum or min-
imum can be found by the second derivative test. i.e. if� � � � � � � � and � � � � � � � � � � then f(x) has a local mini-
mum at � � . If � � � � � � � � and � � � � � � � � � , then � � � � has
a local maximum at � � . For the given discrete sequence,
the first and second order derivatives are approximated by
their first and second order differences.
Spectral maxima are the maxima computed from the spec-
trum of the given speech signal and are known to carry
significant information of the underlying speech. They
are characterised by their position as well as magnitude.
Techniques like ‘sine wave modelling’ for speech synthe-
sis, demonstrate the reconstruction capability of the spec-
tral peaks and hence their importance [6]. In addition to
the spectral energy content, the spectral shape informa-
tion is also conveyed by the spectral maxima.

2.2. Reconstruction of the spectrum with spectral
maxima

Let S(k) be the spectrum of the time sampled speech sig-
nal s(n) as computed by the N point discrete fourier trans-
form,

 � $ � � & ( *+
& ( -  � . � 0 2 3 5 7 9 : 2 & < * ? ?

(1)

The spectral maxima are those points on the spectrum
satisfying, @ � � $ � � � (2)@ � � � $ � � � (3)

The spectrum is approximated as a summation of the
gaussians, placed at the locations of the spectral maxima
and can be represented by,
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here M is the number of maxima in the given spec-
rame, H E is the maxima amplitude, � E is the maxima
ion and P E is the variance of the Q R S gaussian defined
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uch a reconstruction, from the not necessarily uni-
ly spaced spectral peaks, appears to be a wide-band
on of the original spectrogram. Though coarse in
ture, it is acceptable for the task of recognition since
nventional MFCC-based front-end of a speech recog-
smoothen the speech spectrum though mel-bank fil-
s mentioned previously. Optimal results were ob-

d when the width of the gaussians was uniformly
n in the range of 250Hz to 300Hz during reconstruc-

he original and the reconstructed spectrograms for
tterance ”ONE” are shown in Fig.1 and Fig.2 respec-
.

original spectrogram of utterance:ONE
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Figure 1: original spectrogram

. Experimental setup and recognition
results

gnition experiments were conducted with MFCC fea-
derived out of both the original and the reconstructed
rograms. The performance of the two were com-
with both clean as well as additive WGN corrupted

tterances at four different values of SNR.

Experimental setup

oneme-based isolated word recognizer for the recog-
of ten digits(0-9) was built using the HTK toolkit

ontinuous density, left-to-right, HMM models were



reconstructed spectrogram of utterance:ONE
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Figure 2: reconstructed spectrogram

trained for 22 monophones with a word level decoder.
Each phoneme was modelled with 3 emitting states and
each state with 4 gaussian mixtures.

The standard MFCC (MFCC) features were computed
from the fourier magnitude spectrum of each hamming
windowed frame of the speech signal. Frames were of
duration 32ms with an overlap of 16ms. DCT was used
to decorrelate the feature vector.

For computing the MFCC features from the recon-
structed spectrum(MFCC R), first the spectral maxima
were computed from the fourier magnitude spectrum of
each hamming windowed frame of the speech signal. All
the available maxima in the given frame were used for
the reconstruction with gaussians of width 250Hz. It was
observed that on an average, 30-40 maximas could be
picked in each frame. The frame duration and overlap
were 32ms and 16ms as before.

There were 2240 training utterances and 2260 for test-
ing chosen from the corresponding sets of the TIDIGITS
database. The 20kHz sampled database was down sam-
pled to 8kHz to get telephone bandwidth speech.

For experimental purposes, noisy utterances were gen-
erated by adding white gaussian noise segmentally to the
clean speech utterances, to meet the SNR requirement1.

3.2. Recognition results

This section presents the recognition results recorded with
the standard(MFCC) and the reconstructed spectrogram
based (MFCC R) feature vectors. The number of static
cepstral coefficients was kept to 12. Recognition scores
were recorded with only the static features and then the
same appended with delta( � ) and acceleration ( � � ) co-
efficients. Experiments were also repeated with and with-
out Cepstral Mean Subtraction (CMS) on the feature vec-
tors. The word and phoneme recognition scores are tabu-

1WGN source selected from an archive of additive noise sources
developed at the Robust Speech Processing Laboratory, University of
Colorado at Boulder(http://cslr.colorado.edu/rspl/rspl software.html)
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ble 1: Word Recognition Accuracy without CMS

MFCC MFCC R
ture MFCC MFCC R + � + �

e + � � + � �

ture
gth 12 12 36 36
data �

n speech 97.92 97.04 99.20 99.56
R 20dB) 92.3 91.59 96.28 97.7
R 10dB) 49.38 47.04 64.07 67.35
R 5dB) 31.99 27.52 48.54 49.65
R 0dB) 22.83 22.08 36.06 36.46

e 2: Phoneme Recognition Accuracy without CMS

MFCC MFCC R
ture MFCC MFCC R + � + �

e + � � + � �

ture
gth 12 12 36 36
data �

n speech 76.27 79.31 91.15 91.54
R 20dB) 65.87 68.93 84.80 84.80
R 10dB) 54.53 55.29 68.99 69.04
R 5dB) 50.69 51.32 61.93 62.27
R 0dB) 48.56 47.22 52.64 53.04

able1 records the word recognition scores of the two
re sets in comparison. A comparable performance
served between the MFCC and the MFCC R fea-
when only the static features are used. Append-
e delta and acceleration coefficients however, shows
provement in the performance of MFCC R features
st that of MFCC features, for the recognition of both
as well as noisy speech. Corresponding phoneme
nition scores are tabulated in Table2 and show simi-
haviour to that of word recognition results of Table1.
importantly, when CMS was applied to both the
of feature vectors, the MFCC R features record a

ficant improvement in word recognition over the stan-
MFCC features as highlighted in Table3. It is also

that the improvement in recognition is observed
with static features of length 12 as well as when ap-
ed with their first and second derivatives. Though
inal, a similar improvement in phoneme recognition
s by the MFCC R features over the MFCC features
wn by Table4.
he respective highest word recognition scores have
recorded by the two feature sets when appended
their first and second derivatives and further by ap-
g CMS. The corresponding word error rates of the



Table 3: Word Recognition Accuracy with CMS

MFCC MFCC R
Feature MFCC MFCC R + � + �

Type + � � + � �

Feature
Length 12 12 36 36
Test data �

Clean speech 98.67 98.10 99.12 99.6
(SNR 20dB) 95.22 94.38 96.64 97.88
(SNR 10dB) 65.49 71.86 73.14 76.19
(SNR 5dB) 49.42 55.13 57.65 60.31
(SNR 0dB) 39.87 42.26 48.23 49.07

Table 4: Phoneme Recognition Accuracy with CMS

MFCC MFCC R
Feature MFCC MFCC R + � + �

Type + � � + � �

Feature
Length 12 12 36 36
Test data �

Clean speech 83.29 83.82 91.15 91.12
(SNR 20dB) 73.51 74.6 84.85 85.52
(SNR 10dB) 58.03 61.22 72.52 72.67
(SNR 5dB) 53.13 54.96 64.9 64.89
(SNR 0dB) 50.51 50.58 58.06 58.61

two feature sets are plotted in Fig.3 for comparision which
demonstrates the superiority of the MFCC R features over
MFCC features for clean as well as noisy speech recog-
nition.

4. Conclusion

Robustness is a key issue for the practical application of
automatic speech recognisers. A reconstruction of the
speech spectrum based on spectral maxima, which are
high SNR points, has been proposed in this paper. The
reconstruction is achieved by constructing uniform width
gaussians around the spectral maxima points. It is shown
that this provides a suitable framework for constructing a
robust frontend for a HMM based speech recogniser. Re-
sults on the task of IWR are presented and have demon-
strated the equivalence in performance with clean speech
and more significantly, an improved robust performance
with additive WGN corrupted speech over different SNR
values. It is also shown that the CMS technique improves
the recognition performance to a greater extent with the
proposed MFCC R features in comparision to that of the
standard MFCC features.

It is noted from the above experimental results that
the spectral maxima convey inherently robust informa-
tion for speech recognition. However, it is observed that
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e 3: word error rate for MFCC & MFCC R features
CMS

purious maxima are introduced in the spectrum by
dditive noise. As a result, it is important to verify
thenticity of the maxima, as well as reestimate their
for better reconstruction, in the presence of noise.

original energy contours are well preserved in the
rogram of a noisy speech signal and hence the max-
re well trackable. In this context, it is relevant and
rtant to further explore the presented concepts for
r exploitation of the potential of the spectral maxima
rds robust automatic speech recognition.
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