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ABSTRACT

The performance of the Mel-Frequency Cepstrum Coefficients (MFCC) may be affected by (1) the number of filters,
(2) the shape of filters, (3) the way that filters are spaced, and (4) the way that the power spectrum is warped. In this
paper, several comparison experiments are done to find a best implementation. The traditional MFCC calculation
excludes the 0™ coefficient for the reason that it is regarded as somewhat unreliable. According to the analysis and
experiments, the authors find that it can be regarded as the generalized frequency band energy (FBE) and is hence
useful, which results in the FBE-MFCC. The authors also propose a better analysis, namely the auto-regressive
analysis, on the frame energy, which outperforms its 1* and/or 2" order differential derivatives. Experiments across
the 863 Speech Database show that, compared with the traditional MFCC with its corresponding auto-regressive
analysis coefficients, the FBE-MFCC and the frame energy with their corresponding auto-regressive analysis
coefficients form the best combination, reducing the Chinese syllable error rate (CSER) by about 10.0%, while the
FBE-MFCC with the corresponding auto-regressive analysis coefficients reducing CSER by 2.5%. Comparison
experiments are also done across a quite casual Chinese speech database, named Chinese Annotated Spontaneous
Speech (CASS) corpus, the FBE-MFCC can reduce the error rate by about 2.9% on an average.
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1. INTRODUCTION

The extraction and selection of the best parametric representation of acoustic signals is an important task in the design
of any speech recognition system; it significantly affects the recognition performance. A compact representation
would be provided by a set of mel-frequency cepstrum coefficients (MFCC), which are the results of a cosine
transform of the real logarithm of the short-term energy spectrum expressed on a mel-frequency scale [9]. The
MFCCs are proved more efficient [2]. The calculation of the MFCC includes the following steps.

(1) The discrete Fourier transform (DFT) transforms the windowed speech segment into the frequency domain and
the short-term power spectrum P (f) is obtained.

(2) The spectrum P (f) is warped along its frequency axis f'(in hertz) into the mel-frequency axis as P (M) where M
is the mel-frequency, using Equation (1) [8][10]. This is to approximately reflex the human’s ear perception.

M (f)=2595log;(1+ //700) (1

(3) The resulted warped power spectrum is then convolved with the triangular band-pass filter P(M) into 8(M). The
convolution with the relatively broad critical-band masking curves (M) significantly reduces the spectral
resolution of B(M) in comparison with the original P(f), which allows for the down sampling of 8(A). The
discrete convolution of (M) with B(M) yields samples of the critical-band power spectrum as 8(M;) (k=1..K) in
Equation (2), where Qs are linearly spaced in the mel-scale. Then K outputs X(k)=In(B(M})) (&==1..K) are
obtained. The K filters in the implementation of discrete convolution are simulated as shown in Figure 1 (a). In
the implementation, 8(Mf;) is the average instead of the sum.

(M) = ZM P(M - M)WM), k=1.K 2)

(4) The MFCC is computed using Equation (3) and often D<<K because of the compression ability of MFCC.
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MFCC(d)=Y X, cos{d(k —o.s)g}, d=1.D 3)
k=1

Accordingly, more detailed and deeper research could be done to tune the implementation of the MFCC.

On the other hand, in many ASR systems, the 0™ coefficient of the MFCC cepstrum is ignored due to its unreliability
[8]. As a matter of fact, the 0™ coefficient can be regarded as a collection of average energies of each frequency bands
in the signal that is being analyzed. We will prove by experiments in this paper that this analysis is reasonable.

The energy information is also another very important feature in ASR. Basically, the common used energy-related
features include the frame energy and the first order and/or second order time derivatives. Many experiments have
shown that the system performance can be improved when the energy information is added as another model feature
in addition to the cepstrum [5]. Our previous experiments on the performance of the combination of the cepstrum and
its time derivatives show that the auto-regressive analysis [3] outperforms the 1°/2™ order differential analysis [12].
This suggests the use of the auto-regressive analysis on the energy. In this paper, we will come to the conclusion that
the auto-regressive analysis of the energy is better than the first/second order differential analysis.

In this paper, several experiments are designed and done step by step to compare the affects of several different
implementations and those of the ways how the energy information is integrated.

2. EXPERIMENT CONDITION

The standard Mandarin database used here is the 8§63 Database. Digitized speech at 16kHz is pre-emphasized using a
simple first-order digital filter H(z)=1-0.95z"", and then blocked into frames of 32 msec (512 sampling points) in
length spaced every 16 msec (256 sampling points). The D-order (where D=16) cepstral analysis is performed to
every Hamming-windowed frames and the auto-regression analysis (ARA) is performed to every 5 adjacent frames
[3]. The cepstral coefficients and their auto-regression coefficients form the basic features for the automatic speech
recognition systems. It is divided into training and testing parts, the training set covers 180,063 Chinese syllable
samples of 30 men’s utterances while the testing set covers 70,462 Chinese syllable samples of 8§ men’s utterances.

A kind of Segmental Probability Model has been proposed based on the desertion of the HMM probability transition
matrix named mixed Gaussian continuous probability model (MGCPM) in our previous paper[13].

In this experiment, the 6-state 8-mixture based MGCPMs are adopted to model the 397 toneless Chinese syllables as
the speech recognition units (SRUs).

3. STEP-BY-STEP EXPERIMENTS

In this section, we will give the designs and the results of the step-by-step experiments on Mel-frequency cepstrum
analysis. To be brief, we define FE a5 Feature F and its auto-regressive analysis coefficients, and D'FIDF as its
192" order time differential derivative. We denote the traditional MFCC defined in Section 3 by MFCCO.

Our previous comparison of the combination of the MFCC and the derivatives shows that MFCC plus its auto-
regressive coefficients perform better that MFCC plus its 1% or 2™ order differential MFCC. Therefore, the
MFCC0%® is adopted as the baseline in this paper.

TABLE 1. DIFFERENT NUMBERS OF

3.1 COMPARISONS OF MFCC IMPLEMENTATION OVERLAPPED TRIANGULAR FILTERS

According to the MFCC calculation, the performance of MFCC may be hﬁ;éggggga Topl | Top5 | Top 10
affected by: (1) the number of the filters, (2) the shape of the filters, (3) ( 25 ) 6739 1 91356 | 9557
the way that the filters are spaced, overlapped or not, or (4) the way that 30 6773 1 9172 | 9566
the power spectrum is warped. In order to find which factors are more 35 68.01 | 91.79 | 95.77
important, we design several comparison experiments. 40 6784 | 91.92 | 95.82

45 67.86 91.81 95.74

Table 1 gives the results of several different numbers of filters. The
recognizer reaches the maximal performance at the filter number K=35. Too few or two many filters do not result in
better accuracy. In this case, each filter covers about 158 Mels. Hereafter, if not specifically stated, the number of
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filters is chosen to be K=35.

Traditionally, the filters are triangular. As a matter of fact, rectangular filters can be alternatives. And in PLP analysis
[4], Hermansky adopts a particular shape of the critical-band curve given by Equation (4), as illustrated in Figure 1(c).

0, for B<-13
107°B* 03 for ~13<B<-0.5
w(B) =11, for —0.5<B<+0.5 “)
10710B705) " 4k +0.5< B<+2.5
0, for +2.5<B

where B is the warped frequency in Bark. This piece-wise shape for the simulated critical-band-masking curve is an
approximation to the asymmetric masking curve of Schroeder [10]. It is a rather crude approximation of what is
known about the shape of auditory filters. It exploits Zwicker’s [15] proposal that the shape of auditory filters is
approximately constant on the Bark scale. The filter skirts are truncated at —40 dB. From this point forward in this
paper, this curve is referred to as the Schroeder curve.

This experiment compares the affects of the above 3 different shapes of the critical-band filters, triangular,
rectangular and Schroeder curve. The results are given in Table 2. We do not see too much difference.
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FIGURE 1. THE BAND-PASS FILTERS USED IN MFCC CALCULATION (horizontal axis: DFT
frequency sampling point)

In the traditional MFCC calculation, the mel-scale is used to warp the power spectrum, as approximately described in
Equation (1). In the PLP technique, the spectrum P(f) is warped along its frequency axis f'into the Bark frequency B
according to Equation (5) [14][4]. This particular Bark-hertz transformation is due to [10]. This gives us an
alternative for the shape of critical-band filters, resulting in the Bark-frequency Cepstral Coefficient (BFCC). From
the comparison results listed in Table 2, MFCC is better than BFCC.

2
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In our experiments, filters can be either overlapped (see
Figure 1(a) as an example) or side by side (see Figure 1(b) TABLE 2. DIFFERENT FILTER SHAPES AND
as an example), except for the Schroeder filters that are FREQUENCY WARPING

always overlapped due to their design purpose. Each of  (In this table, XTRI stands for crossed/overlapped triangular
them has the equal width in the warped frequency axis. In filters while TRI for non-overlapped, and XRECT for

the overlapped scheme, any two adjacent filters will overlap ~_overlapped rectangular filters while RECT non-overlapped.)
half the width with each other. The experimental results are i Features (_ ) Top1 | Top5 | Top 10
p P P P
also listed in Table 2. Warping Filter Shape
MEL XTRI 68.01 91.79 95.77
The experimental results given in this section come to the MEL TRI 66.35 | 91.21 | 9542
conclusion that the differences between these scales (Bark MEL XRECT 6838 | 92.14 | 9591
or Mel), filter shapes (triangular, rectangular or Schroeder) BI\EKII( I){(ET(lg 232? g}éz gz z;
are not very significant. But whether the filters are . - -

1 d t mak bie diff Overl d filt BARK TRI 66.99 91.38 95.43
overlapped or not makes a big difference. Overlapped filters BARK XRECT 6759 | 9153 | 9557
always achieve higher hit rate. To clarify, we refer to the BARK RECT 67.00 | 9135 | 9553
traditional mel-frequency cepstrum with 35 overlapped BARK SCHROEDER 6725 | 91.53 | 9551

triangular filters as MFCCO as stated in Section 4.



3.2 INTEGRATING ENERGY INFORMATION

Researches have proved that the energy information, as well as the differential derivatives, is useful. In this section,
we compare two different kinds of energy information, the frame energy (FE) and the frequency band energy (FBE).
Because the log energy is better than the energy itself [5], we give mainly the results for the log energy related

experiments.

Given a frame of speech s(n), 1<n<N, the frame energy (FE) can be defined and calculated as

N N
FE = Z|s(n)|, or FE= ZSZ (n)
n=1 n=l1

In the traditional MFCC calculation using Equation (3), the first dimension is eliminated [8]. Taking d=0, we have

K K A K
MFCC(0)= ) X} =In |‘| 8(M)=2In |‘| E®,
k=1 k=1 k=1

where E(#) =,/6(M,) , and 6(M,) is the output of the k’th filter. If the critical-band filter has the rectangular shape,

8(M,;) is the average power energy in the £’th frequency band. So for any kind of critical band filter, E,((g) can be

regarded as the generalized frequency band energy (FBE). Compared with the frame energy, FBE contains more
information, it contains energy information of several different sub-band of the whole frequency band. Based on the

analysis, we have reasons to think that FBE should be included.

Because the logarithm has the compression function, MFCC(0) is more sensitive to E,((g) in low-valued region and

less sensitive in high-valued region than the original product of energies. This is similar to ear’s hearing
characteristics. Based on this analysis, we change Equation (3) into Equation (3”).

K
MFCC(d) =) X, cos[d(k - o.s)ﬂ, d=0.D
k=1

The resulted MFCC calculated by Equation (3') is referred to as the FBE-MFCC, denoted by MFCC1 hereafter.

According to the calculation of the DFT of the given speech frame s(n),1<n< N, we have

N
DFT(0)= " s(n)

n=1

39

which is the direct current component of the signal. The experiment on the DC component is just for the purpose of

comparison with the energy.

The experiment is designed to compare which kind of information is better, (1) FE — the frame energy, (2) LnFE — the
logarithm of frame energy, (3) LnDFTO — the logarithm of DFT(0) or (4) FBE — the frequency band energy. The

experimental results are listed in Table 3.

From Table 3, the integration with any of the four items is
better than the original MFCC (i.e., MFCCO0), but the FBE
is the most useful one. The reason why the FBE is better
is that FBE includes energy information of several
frequency sub-bands while (log) frame energy or log
DFT(0) includes only part of them.

What should be mentioned is that in Table 3 all features

TABLE 3. THE ENERGY/DC COMPONENT INFORMATION

Features (“%%) Top 1 Top5 | Top 10
MFCCO 68.01 91.79 95.77

MFCCO + LnDFTO0 68.14 92.07 95.88
MFCCO + FE 69.52 92.50 96.11

MFCCO0 + LnFE 70.46 92.99 96.35
MFCCO + FBE (i.e., MFCC1) 7051 | 92.96 | 96.39

are used together with their auto-regressive analysis coefficients. There is no exception to the frame energy. In the
previous research, the most frequently used frame energy information includes the frame energy itself, the logarithm
of frame energy, and/or the 1% /2™ differential (log) frame energy.

-4




Our comparison of the combination of the MFCC and the time derivatives shows that MFCC plus its auto-regressive
coefficients perform better that MFCC plus its 1% or 2™ order differential MFCC (refer to Section 4). This suggests
the proposal of the definition of the auto-regressive frame energy as

ARE(H) =GO iOnE(t) , )

n=-n,
where G is a gain constant that is the same as that in the auto-regressive analysis for MFCC. The result listed in
Table 4 is the best evidence to the use of the auto-regressive analysis of the frame energy.
TABLE 4. AFFECTS OF THE DIFFERENTIAL

3.3 COMBINING FRAME ENERGY AND FBE-MFCC

DERIVATIVES OF FRAME ENERGY

. . : &aRa
Now that the FBE-MFCC is the best among all kinds of | Features (beSIdeslMFCCO ) | Topl | Top5 | Topl0
combinations of the traditional MFCC (MFCCO0) and the II:EIE Eig 2%2?; gggz Z;g 2282
frame energy as \yell as the.: frarne. energy’s derivatives, LnFE + D'LAFE + D’LoFE 943 | 9255 | 9612
there arises a question, what if combining the frame energy nFESR 7046 1 9299 | 9635

and its derivatives into the FBE-MFCC? The results are

given in Table 5. The conclusion is as expected. The log frame energy and its ARA coefficients are the best to
integrate into the FBE-MFCC and the corresponding ARA coefficients. As a supplement of Table 2 where the
XRECT is better than the XTRI, an additional comparison is done between the two kinds of filter shapes, the results
are given in Table 6. We can see again that the differences between the filter shapes are not so significant.

TABLE 5. COMBINING THE FRAME ENERGY

3.4 A UNIFORM CALCULATION OF THE FBE-MFCC INFORMATION INTO FBE-MFCC (i.e., MFCC1)

. &aRa TOp

According to the above discussion, the proposed FBE- | Features (besides MECCIT) | Top 1 | Top5 | )
MEFCC calculation has a uniform programming form. Firstly, Nonfl: 70.51 | 92.96 | 96.39
the FBE item in inserted by modifying the index range of LnFE + D LnFE 7041 | 92.65 | 96.28
the DCT outputs. Secondly, the calculation of the frame LnFE + D'LnFE 7079 | 92.84 | 96.29
energy is performed during the windowing and pre- LoFE + D LoFE 4 D LnFE 7097 | 92.85 | 9640
.. . LnDFTO 68.92 92.06 95.94
emphasizing of the speech segment (i.e. frame). All these FESR 7027 | 9268 | 96.28
coefficients form the set of FBE-MFCC coefficients. LoFESRE 71.19 | 92.98 | 96.41

Because the calculation of the frame energy is integrated
into the calculation of the FBE-MFCC, the frame energy

TABLE 6. ADDITIONAL COMPARISON ON THE FILTER SHAPE

seems hidden in the application of the programming.

PP progt & Features (¥°%%) Top 1 Top 5 Tloop
The auto-regressive analysis can then be performed on the MFCCI + LFE [35 XTRI | 7119 1 9298 | 96.41
FBE-MFCC. MFCCI + LnFE [35 XRECT] | 71.17 | 92.99 | 96.47

4. APPLICATION ON CASS CORPUS

Experiments are also done on a spontaneous Chinese speech database, named Chinese Annotated Spontaneous
Speech (CASS) corpus. It is created to collect samples of most phonetic variations in Mandarin spontaneous speech
due to pronunciation effects, including allophonic changes, phoneme reduction, phoneme deletion and insertion, as
well as duration changes[7]. The CASS corpus was transcribed into a five-level annotation.

*  Character Level. Canonical sentences (known as word/character sequences) are transcribed.

»  Toned Pinyin (or Syllable) Level. The canonical toned pinyin transcription is generated.

* [nitial/Final Level. This semi-syllable level’s transcription only includes the time boundaries for each (observed)
surface form initial/final.

*  SAMPA-C Level. This level contains the observed pronunciation in SAMPA-C[1][6], a labeling set of machine-
readable IPA symbols adapted for Chinese from the Speech Assessment Methods Phonetic Alphabet (SAMPA).

*  Miscellaneous Level. Several labels related to spontaneous phenomenon are used to independently annotate the
spoken discourse phenomena, including modal/exclamation, noise, silence, murmur/unclear, lengthening,
breathing, disfluency, coughing, laughing, lip smack, crying, non-Chinese, and uncertain segments.



4.1 GENERALIZED INITIALS/FINALS (GIFS)

In spontaneous speech, there are two kinds of differences between the canonical initials/finals (IFs) and their surface
forms if the deletion and insertion are not considered. One is the sound change from one IF to a SAMPA-C sequence
close to its canonical IF, such as nasalization, centeralization, voiceless, voiced, rounding, syllabic, pharyngealization,
and aspiration. We refer to the surface form of an IF as its generalized IF (GIF). Obviously, the IFs are special GIFs.
The other is the phone change directly from one IF to another quite different IF or GIF, for example, initial ‘z4” may
be changed into ‘z’ or voiced ‘z’.

To model the sound variability when the semi-syllable level units are SRUs, the first thing to do is to choose and
define the GIF set. The canonical IF set consists of 21 initials and 38 finals, totally 59 IFs. By searching in the CASS
corpus, we initially obtain a GIF set of over 140 possible SAMPA-C sequences (pronunciations) of IFs; two examples
are given in Table 7. However, some of them occur for only a couple of times which can be regarded as least
frequently observed sound variability forms therefore they are merged into the most similar canonical IFs. Finally we
have 86 GIFs.

These well-chosen GIFs are taken as SRUs. In order to better TABLE 7. EXAMPLES FOR IFS AND THEIR POSSIBLE

model the spontaneous speech, additional garbage models are PRONUNCIATIONS IN SAMPA-C FORMAT.
also built for breathing, coughing, crying, disfluency, IF
. . . — Comments
laughing, lengthening, modal, murmur, non-Chinese, Pinyin SAMPA-C
smacking, noise, and silence. z Jts/ Canonical
z /ts_v/ Voiced
4.2 EXPERIMENT ON CASS 2 ts'/ Changed to ‘2’
C g . . /ts"_v/ Ch d t iced ‘zh’
The CASS corpus is divided into two parts, the first part is the Z 8/7‘/V angecam(;::izljle =
training set with about 3.0 hours’ spontaneous speech data ; —
d th d is the testi t with about 15 minutes’ e 17/ Retroflexed, or changed to ‘er
and the second is the testing set with abou minutes - @ Changed to /@/ (a GIF)

spontaneous speech data. The HTK is used for both the
training and testing. A 3-state 16-gaussian HMM is used to model each GIF. The feature extraction frame size is 32
ms with 16 ms overlapped between any two adjacent frames.

Experimental results in Table 8 include (1) GIF-X: IF comparison without the syllable lexicon constraint; (2) GIF-S:
IF comparison with the syllable lexicon constraint; and (3) SYL-S: syllable comparison with the syllable lexicon
constraint. The listed are error rate reduction based on the percent correct %6Cor=%Hit=Hit/Num*100%= (Num-Del-
Sub) / Num*100% and the percent accuracy %Acc=(Hit-Ins)/Num*100% = (Num-Del-Sub-Ins)/Num*100% [11] with
MFCCO0®R as the baseline, where Num is the total number of GIFs in reference transcriptions, and Hit, Del, Sub and
Ins indicate numbers of hit, deletion errors, substitution errors and insertion errors respectively.

From this table, we can see that on

a casual speech database with quite TABLE 8. COMPARISON ON FEATURES

different channels, the FBE-MFCC (EC! means the error rate reduction based on %Cor, while EA| based on %A4cc.)

outperforms the traditional MFCC; Features (") GIF-X GIF-S SYL-S

it can reduce the error rate by MFCCO+FEB=MFCC1 ES'Cll EZA4l Eﬁ:lcol EZA8l EZC'; EZA;
0, = . . . . . .

abou.ttuz'g/" on ag aveiﬁge' Bdm for FccorinrE 37 30 | 49 | 30 | 3.1 | 23

a Stuation under the adverse  mypcCo+FBE+LnFE-MFCCI+LoFE | 23 19 | 29 | 16 | -08 | -1.1

environment, the performance
when integrating the FBE and the frame energy is different from that for the 863 Database. For 863 Database,
MFCCO+FBE+LnFE is better than both MFCCO+FBE and MFCCO+LnFE, and any of the above combinations is
better than MFCCO0. On the contrary, the integration of frame energy information may reduce the performance.
Nevertheless, the fact is true that FBE-MFCC is always better that traditional MFCC.

5. SUMMARY

From the step-by-step design and implementation of the experiments, we come to the following conclusions:

(1) The MFCC(0), i.e. the frequency band energy (FBE) information, is useful to be included in the MFCC,
referred to as FBE-MFCC in this paper to be distinguished from the traditional MFCC, no matter the speech
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environment is of high-quality or is adverse.

For high-quality environments (for example those similar to that for the 863 Database), the combination of the
FBE-MFCC and the frame energy (FE) with their auto-regressive analysis coefficients is the best one; while
for adverse environments (for instance those similar to that for CASS corpus), the combination of the MFCC
and the frame energy with their auto-regressive analysis coefficients is the best one.

The integration of both the frame energy and the FBE into the MFCC should be treated differently for
different applications. In some cases, the integration of the FE information and the FBE information achieves
the best performance, while not in other cases.

The uniform calculation makes the programming and application of the feature extraction simpler and more
straightforward and it can provide an option for different applications.
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