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ABSTRACT is not as smooth as that obtained with band-pass filters. Sec-

In this paper we study the noise-robustness of mel-frequenc . . )

cepstral coefficients (MFCCs) and explore ways to improv ompression [4], [5]. [6]. The large negative excursions .Of the
their performance in noisy conditions. Improvements base g function for values close to zero leads to_a splattering of
on a more accurate model of the early auditory system ar nsrgy.after the DCT whereas root compression (expressed as
suggested to make the MFCC features more robust to noi e> ' W'th. 0<a<l) follqwed by the DCT leads to better
while preserving their class discrimination ability. A speechcorm)"’mtlon of energy, asis shovyn later. .
discrimination task is chosen to evaluate the performance gains | '€ 'ést of the paper is organized as follows, Section 2 ex-

afforded by the modifications. This simple task allows uspIains the experimental setup. Sections 3, 4 and 5 talk about

to study the features in isolation from complex systems reMethods to improve noise-robustness of MFCCs. Section 6

quired for more challenging tasks, such as speech recognitidf?€S an information theoretic measure of clustering to sup-
in noisy conditions. port the results obtained in earlier sections, followed by con-

clusions.

%’\d, MFCC's poor noise performance can be attributed to log

1. INTRODUCTION
2. EXPERIMENTAL SETUP

MFCC's are very useful features for audio processing in clean
conditions. However, performance using MFCC features deln order to study the noise-robustness of MFCCs, we use a
teriorates in the presence of noise. There has been an isimple task that isolates the feature performance from the sys-
creased effort in recent times to find new features that arteem performance (for instance, in a task like speech recog-
more noise robust compared to MFCCs. Features such agition there are too many parameters that might affect the
spectro-temporal modulation features [1] are more robust toutcome of the experiments). Hence, a speech discrimina-
noise but are computationally expensive. Skowronski andion task [1] at various signal-to-noise ratios (SNR) was cho-
Harris [2] suggested modification of MFCC that uses the knowen to evaluate the features. The audio database was built
relationship between center frequency and critical bandwidtfrom five publicly available corpora. Speech samples were
from human psychoacoustics to decouple filter bandwidth frotaken from TIMIT acoustic-phonetic continuous speech cor-
filter spacing. They also studied the effects of wider filterpus. The training set consisted of 300 examples from TIMIT’s
bandwidth on noise robustness. Herein, we suggest differetaining subset and test set consisted of 150 different sen-
modifications to MFCCs that make it more robust to noisegences spoken by 50 different speakers (25 male, 25 female)
without adding prohibitive computational costs. from TIMIT’s test subset. Sentences and speakers in the train-
MFCC features approximate the frequency decomposiing and test sets are different. The non-speech class consisted
tion along the basilar membrane by a short-time Fourier Transf 450 examples (300 for training and 150 for testing) which
form. The auditory critical bands are modelled using trianincluded animal vocalization from BBC Sound Effects audio
gular filters, compression is expressed as a log function an@dD collection, music samples from RWC Genre Database [7]
a discrete cosine transform (DCT) is used to decorrelate thend environmental sounds from Noisex and Aurora databases.
features [3]. Segments of one second duration were selected for training
In this paper we cite two reasons for the poor noise perforand testing. The task consisted of predicting whether a given
mance of MFCCs. First, block processing with Fourier transone second test segment belongs to the speech or the non-
form and the use of triangular filters for grouping of frequencyspeech class. Pink noise was synthetically added to generate
bins into critical bands results in a signal in each channel thalifferent SNRs.
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Each audio segment was divided into frames of lengthatio of between-class scatter and within-class scatter is used
25.625 msec with a frame rate of 100 Hz. Forty MFCC'sas a measure of discrimination ability. More compression
were extracted from each frame. Thirteen linearly spaced arldads to lower within-class scatter, the between-class scatter is
twenty seven log spaced triangular filters were used to grouglso lower but since there is no noise to confuse the classifier
the FFT bins. The lowest frequency was chosen to be 133.3Be accuracy is higher. In noisy conditions more compression
Hz, a linear spacing of 66.66 Hz and log spacing of 1.07 weréeads to more errors due to the reduced between-class scatter
used. In extracting the features we followed the Sphinx lli(the reduction in within-class scatter is not able to offset the
specifications [8]. For the band-pass filter implementatiomeduction in between-class scatter). Table 1 shows the effect
of MFCC, forty fourth-order bandpass-filters (spanning theof log and different degrees of root compression on the dis-
same frequency range as MFCCs) were used. The BPFs argmination ability of the MFCC features. As is clear from the
approximately one-seventh octave, cons@filters. The fil-  table, more compression leads to better performance in clean
ters had to be chosen to be approximately one-seventh octakiat this adversely affects the performance in noisy conditions.
to match the number of triangular filters used for the standarth the sections that follow, root compression refers to the use
MFCC features. In all experiments the first thirteen coeffi-of a compression factos; = 0.3.
cients were used to perform the classification. A Gaussian
mixture model based classifier was used to predict the log-
likelihood of each frame belonging to a particular class. The
log-likelihoods of all frames in a segment belonging to the
two classes where added to make the final decision. Fea-
tures from each one second segment were mean subtracted
and variance normalized [9].

Comparison of root and log compression of MFCC
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3. AMPLITUDE COMPRESSION 65
60
Previous work [4], [5], [6] shows that root compression is bet- sl
ter than logarithmic compression for noise robustness. In this 5 ‘ ‘ ‘
section we revalidate this result and try to explain the effect of od® o SR Xe Gl

different amplitude compressions in terms of a discrimination

measure. Figure 1 shows the performance of the classifier uBig. 1. Figure showing the performance of the classifier using MFCC fea-
ing MFCC features with root and log compression. We seéres with log and root compression for a speech discrimination task. Differ-
that root compression is much more robust to noise as confr't SRS were generated by adding pink noise synthetically.

pared to log compression. Root function is better behaved

as opposed to the log function. The log function gives large

negative values for inputs close to zero and this leads to a Measure of discrimination ability for 1og
spreading of the energy in the transform domain (after DCT). and various degrees of root compress}on
A simple experiment was devised to show that root com- Compression Clean Noisy
pression followed by DCT leads to better compaction of en- Log 043641 02372
ergy. The envelope of a speech segment was amplitude com- Root (x = 0.07) | 0.4182| 0.2387
pressed and transformed using DCT. Varying number of trans- Root (= 0.3) | 0.3645| 0.2473
formed coefficients were used to reconstruct the amplitude Root( = 0.7) | 0.3196| 0.2719

compressed signal and the reconstruction error was calcu-
lated. Figure 2 shows the plot of reconstruction error verTaple 1. Table showing that more compression yields greater discrimi-
sus the number of coefficients used for the reconstruction, fotation in clean conditions. However, in noisy conditions less compression
both log and root compression. It is clear that root compresyields better class discrimination.
sion followed by DCT leads to better compaction of energy
since the reconstruction error using fewer coefficients is much
lower as compared to the log case. 4. ALIASING AND SMOOTHING

Another interesting aspect of amplitude compression is
the trade-off between performance in clean conditions and rdn most audio feature extraction processes the number of sam-
bustness to noise. The trade-off can be better understood jales used to represent each frame is small compared to the
terms of between-class and within-class scatter. We defingriginal sampled waveform. Given that there will be some
between-class scatter as the distance between the mean of tbes of information in building a compact representation of
two clusters and within-class scatter as the mean of the dishe audio signal, the key to generating better representations
tances of each data point from the mean of its cluster. This to discard information that is least significant. In case of
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Fig. 2. Figure showing that root compression followed by DCT leads to Fig. 3. Figure showing the comparative performance of MFCC and BPF-

better compaction of energy. Reconstruction error is plotted as a function dlFCC for the speech discrimination task. Different SNRs were obtained

number of coefficients used for the reconstruction. by synthetically adding pink noise. Root compression was used for both
features.

MFCCs, the FFT and triangular filters lead to discarding of

information that is not exactly quantifiable. We also knowinNg by sharpening the filter response, the spatial derivative
that due to the sharp peaks of the triangular filters MFCC§tage, in clean and high SNR conditions, enhances the con-
are sensitive to small changes in the frequency [10]. The erifast across the spectral profile. This is a form of edge de-
ergy estimation in each channel is smoother if frequency deection operation common in image processing, although the
composition is performed using exponentially spaced banceffect in audio is less dramatic due to lack of abrupt changes
pass filters and the signal strength in each channel is esficross frequency channels.

mated using a peak detector (implemented using a rectifier The comparison of MFCC, BPF-MFCC and NRAF is shown
and a low-pass filter). Features extracted from a smooth repn Fig. 4. As predicted the performance of NRAF in clean and
resentation are not perturbed by perceptually irrelevant varimoderate SNR cases is better than that of BPF-MFCC, but
ations in the signal. We know that central auditory neuronshe performance in high noise case (0 dB SNR) is lower. This
cannot respond to very fast temporal modulations [11] andan be explained as follows, in very low SNR cases where the
hence smoothing over 10-20ms does not discard perceptualipise variance is equal to or greater than the signal variance,
relevant features. The high frequency components that ate spatial derivative results in some loss of signal compo-
smoothed out are most likely perceptually insignificant. Bynent due to subtraction, i.e. the difference operation removes

low-pass filtering the signal and then down sampling, we argome signal component from channels whose adjacent higher
discarding information in a more intelligent way. We refer channels are noisy.

to features obtained in this manner as BPF-MFCC [12]. Fig-
ure 3 shows the improvement in performance of MFCC for
the speech discrimination task by removal of FFT and trian- | Comparson ofMFCC, BPFAMFCC and NRAR
gular filters. The BPF-MFCC representation degrades more
gracefully with falling SNR.

5. SPATIAL DERIVATIVE

Overall Accuracy

In this section we show that the performance of BPF-MFCC
in clean conditions can be further improved by introducing

yet another processing stage which is directly motivated by
physiological processing. The fourth-order BPFs used for
the frequency decomposition are not very sharp and result e be  am  Ge
in some amount of frequency spreading across the channels.

ThIS .spreadmg can be |I!T1Ited by the US? of a spatial d(.anvaf:ig. 4. Figure showing the comparative performance of MFCC, BPF-

tive (implemented as a difference operation between adlacemi:CC and NRAF for the speech discrimination task. Different SNRs were

channels). The spatial derivative is used to model the laterabtained by synthetically adding pink noise. Root compression was used for
inhibitory network in the cochlear nucleus [11]. We refer toall the features.

BPF-MFCC with spatial derivative as noise-robust auditory

features (NRAF). Apart from limiting the frequency spread-




Plot showing emperical conditional entropy measure - white noise

o tested these changes using a simple speech discrimination task.

Replacing the log compression with a root compression im-
proves the noise-robustness of MFCCs. Low-pass filtering
the signal in each channel before decimation avoids alias-
ing and leads to a smoother signal envelope in each chan-
nel. Further, the benefit of spatial derivative in clean and high
to moderate SNR cases is demonstrated. Future work would
involve investigating the preliminary results that show that
noise-robustness is also a function of the amount of smooth-
ing performed. Further, the BPF-based implementation of
MFCC allows the use of different time constants for the LPF
in different channels, hopefully leading to an even better rep-
resentation. Future work would also include using the modi-
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Fig. 5. Figure showing the empirical conditional entropy measures for
MFCC and NRAF for a two-class, two-cluster case. It is seen that NRAFs
are better features than MFCCs for speech discrimination. White noise was
synthetically added to generate different SNRs. o

6. INFORMATION-THEORETIC CLUSTERING
VALIDITY MEASURE

In this section we use an information theoretic measure of[z]
clustering to substantiate the fact that NRAFs are better than
the original MFCCs not only in terms of noise-robustness but
also in terms of class discrimination ability. Conditional en- [3]
tropy is used as a criterion for evaluating the clustering va-
lidity of clustering algorithms [13]. By using a very “naive”
clustering algorithm the clustering properties of the underly- ,
ing attributes can be studied. Mahalanobis distance from the
mean of the two clusters is used as the clustering algorithm tqs,
study the effect of synthetically added noise on the clustering
properties of MFCC and NRAF.

Given a set of class labels C and clusterg e K, condi-
tional entropy,H (C|K) is approximated by empirical condi-
tional entropy,H¢(C|K) given by,

(6]

[71

ICl K]
HOCK) =~ >

c=1 k=1
where,h(c, k) is the number of examples of clasassigned (0]
to clusterk, n is the total number of examples andk) is
the associated marginal. Conditional entropy gives the num-
ber of bits required to encode all the class information giverg
we know the clusterg§k;} and the modell = {h(c,k)} .
A lower value of conditional entropy indicates that the clus-[11]
ter labels are good indicators of the class labels. For the case
of two classes and two clusters, the empirical conditional en-
tropy measure is shown in Fig. 5. As is evident, NRAF hag!?]
a lower value of conditional entropy, implying that it clusters
better than MFCCs in clean and noisy conditions.

h(c, k)

h(c, k) log e

n

(8]

(13]
7. CONCLUSIONS AND FUTURE WORK

This paper justifies three improvements to MFCC features
that are motivated by a more accurate auditory model. We

fied MFCC features for a speech recognition task.
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