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ABSTRACT

MFCC is widely used together with its delta and
delta-delta features in the field of speech recognition
based on HMM. MFCC is designed to apply DCT
to the MF output. We propose in this paper to em-
ploy KL transformation instead of DCT, because it
can reflect the statistics of speech data more precisely.
MFCC is the compressed feature of the log MF so that
some detailed features seem to be lost. In this sense,
we propose to compute the delta and delta-delta fea-
ture on the MF, and apply the KL transformation to
a set of MF, its delta and delta-delta features.

Keywords: KL-transformation, DCT, MFCC, delta
feature, speech recognition

1. INTRODUCTION

MFCC (Mel-Frequency Cepstral Coefficients) is wide-
ly used together with its delta and delta-delta features
in the field of speech recognition based on HMM
(Hidden Markov Model). MFCC is designed to ap-
ply DCT (Discrete Cosine Transformation) to the MF
(Mel-Scale Filter Bank) output. DCT is composed of
the orthonormal axes and are suitable for the contin-
uous mixture density HMM with orthogonal covari-
ance matrix of output probability, if the speech data
projected onto the DCT axes is statistically orthog-
onal. The motivation of this study is to search for
the more suitable transformation which can reflect
the statistics of speech data than DCT to compute
the MFCC. We propose in this paper MFCC based
on KL (Karhunen-Loeve) transformation instead of
DCT, because it can reflect the statistics of speech
data more precisely.

Delta and delta-delta features are usually computed
on the MFCC[1]. However, MFCC is the compressed
feature of the mel-frequency log spectral amplitude
so that some detailed features seem to be lost. In this
sense, we propose to compute the delta and delta-

delta feature on the original mel-frequency spectral
amplitude. Applying the KL transformation to a set
of MF, its delta and delta-delta features, we show the
phoneme recognition rate and word accuracy are sig-
nificantly improved in the continuous speech recog-
nition. We call the operation to obtain the delta and
delta-delta features from the original feature param-
eters as "delta expansion" in this paper.

2. KLT BASES

2.1. KLT

KL (Karhunen-Loeve) transformation is defined as
follows. Feature vector is denoted here as xt with
N dimension. The covariance matrix R is comput-
ed from the feature vectors. The eigenvectors are
obtained from the feature vectors by eigenvalue de-
composition of the covariance matrix as follows;

R�k = �k �k; (k = 0; 1; � � � ; N � 1) (1)

here�k is an eigenvector corresponding to the eigen-
value �k. These obtained eigenvectors have the prop-
erty that they are orthonormal each other. The dimen-
sion can be reduced by selecting eigenvectors with
larger eigenvalues.

The feature vector pt with M dimensions after KL
transformation of the feature vector xt is obtained by
the following equation;

pt = �T xt (2)

here � is the eigenvector matrix noted as

� = (�0;�1; � � � ;�M�1) (3)

2.2. KLT and DCT Bases

We computed the KLT bases obtained from Eq.(1)
using the 60 sentences spoken by 6 speakers. Each
speaker spoke 10 ATR phoneme balance sentences.
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The condition of acoustic analysis is shown in Table1.
The feature vectors are MF (short-term log energy of
Mel-Scale Filter Bank output).

Table 1: Condition of acoustic analysis

Sampling frequency 12kHz
High-pass filter 1 � 0:97z�1

Window type Hamming window
Frame length 20ms
Frame shift 5ms
Mel-Filter bank order 16

Fig.1 shows the bases computed from DCT with 16
dimensions and Fig.2 shows the KLT bases comput-
ed from the speech data. Each base is composed
of 16 elements and depicted in horizontal direction
with lower dimensional element left. The bases are
aligned downward in increasing order. The two fig-
ures look like very similar. Indeed, it is well known
that if the element r[m;n] of the covariance matrix
R is given as follows

r[m;n] = �
jm�nj

; j�j < 1 (4)

and if � ! 1, then the bases of KLT equal those of
DCT.

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

0

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

dim

axis#

Figure 1: DCT bases

2.3. KLT Bases for Frame Segment

We computed the KLT bases for the segment with 5
consecutive frames of MFCC(12) using the same 60
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Figure 2: KLT bases

sentences spoken by 6 speakers. Fig.3 shows the 39
bases among 60 (12 dimension� 5 frames). The low-
er bases contribute to produce the averaged spectrum
of the 5 frames because the 12 MFCC elements are
already uncorrelated and so that the time correlation
are enhanced.
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Figure 3: KLT bases for the segment with 5 consec-
utive frames

3. FEATURE EXTRACTION

Here we investigate following 5 kinds of feature pa-
rameters derived from MF (short-term log energy of
Mel-Scale Filter Bank output) of spoken sentences.



(1) MFCC39: DCT is applied to MF(16) and 12
MFCC (Mel-Frequency Cepstral Coefficients)
are obtained. MFCC39 is composed of MFCC
(12) and the Power, their delta (13) and delta-
delta (13). This MFCC39 is used as baseline
to evaluate the effectiveness of other feature
parameters.

(2) MFKL-D39: KLT is applied to MF(16) and
12 feature parameters (MFKL) are obtained.
MFKL-D39 is composed of MFKL(12) and
the Power, their delta and delta-delta. These
feature parameters are equivalent with MFC-
C39 if the KLT is replaced by DCT.

(3) MF-DKL39: MF(16) and the Power are delta
expanded and 51 feature parameters are ob-
tained: MF(16)+Power, the delta (17) and the
delta-delta (17). MF-DKL39 is obtained as 39
feature parameters by applying KLT to the 51
feature parameters. These feature parameters
are completely different from MFKL-D39 in
that the delta expansion is applied before KLT.

(4) 5FS39MF : 39 feature parameters obtained by
applying KLT to 80 feature parameters which
are obtained from 5 frames (two pre and post
frames) of MF(16).

(5) 5FS39MFCC: 39 feature parameters obtained
by applying KLT to 60 feature parameters which
are obtained from 5 frames (two pre and post
frames) of MFCC(12)[2].

4. PHONEME RECOGNITION

4.1. Experimental Condition

We carried out phoneme recognition experiment us-
ing ATR phoneme balance sentences. The number of
phoneme HMMs is 41 with 5 states and 4 mixtures[3].
The KLT axes were designed using 60 spoken sen-
tences collected from 6 speakers. The HMMs were
trained using 2892 sentences spoken by the same 6
speakers. The 60 sentences, excluding those used
in KLT and HMM training, spoken by the same 6
speakers were used for phoneme recognition.

4.2. Experimental Result

Table2 shows the results of several phoneme recog-
nition experiments. In the table, correct rate and ac-
curacy of phoneme recognition are mentioned. The
number of (1) to (5) corresponds to the number of fea-
ture parameters investigated in section3. The number
included in MFKL-D#, MF-DKL# and 5FS# shows
the dimension of the feature space after KLT appli-
cation. From the table, it can be said that 8% and 6%

improvement are obtained in correct rate and accu-
racy respectively by KLT application to a set of MF
and its delta expansion (MF-DKL39), compared to
conventionally used MFCC and its delta expansion
(MFCC39).

Table 2: Phoneme recognition rate

Feature Correct(%) Accuracy (%)

(1) MFCC39 60.30 50.12
(2) MFKL-D51 69.61 52.69

MFKL-D39 69.27 52.18
(3) MF-DKL51 68.73 57.17

MF-DKL39 68.25 56.22
MF-DKL27 67.60 55.18
MF-DKL15 61.47 49.09
Without KLT 56.20 31.99

(4) 5FS80MF 60.70 46.24
5FS39MF 64.60 50.32
Without KLT 41.67 32.92

(5) 5FS60MFCC 61.07 43.92
5FS39MFCC 62.02 43.52
Without KLT 51.72 36.40

Now we analyze the results in more detail.

(1) MF-DKL51 shows the best result in correct
rate and accuracy compared with the baseline
of MFCC39. If we restrict the feature dimen-
sion to 39, MF-DKL39 shows the best result.
This means that the higher order base axes of
the MF-DKL51 still have the information for
phoneme recognition. Fig.4 shows the bases
of the MF-DKL51. It can be said that MF(16)
and the power is less correlated with their delta
parameters because the bases have the value
at the diagonal blocks. In the same way, the
delta parameters are less correlated with their
delta-delta parameters.

(2) MF-DKL51 is significantly better than that with-
out KLT. This means that KLT is effective to
make the covariance matrices of the phoneme
HMM diagonal.

(3) KLT is superior to DCT because MFKL-D39
shows better result than the baseline of MFCC
39.

(4) 5FS39MFCC and 5FS39MF are not so effec-
tive compared with the baseline MFCC39. The
KLT is effective because the 5FS60MFCC and
5FS80MF are both better than their results
without KLT.
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Figure 4: Bases of MF-DKL51

(5) MF-DKL39 is better than 5FS39MF . This can
be explained that the MF-DKL39 computes
the delta and delta-delta of MF over 5 frames.
On the other hand, the 5FS39MF just collects
the 5 frames of MF(16). This means that the
delta and delta-delta computation is effective
to uncorrelate the feature elements as shown in
Fig.4.

5. CONTINUOUS SPEECH
RECOGNITION

We compared MF-DKL51 with MFCC39 in word
accuracy of continuous speech recognition. The lan-
guage model is the word bigram constructed from
RWC text database which was produced by morpho-
logically analyzing the MAINICHI Japanese news-
paper of 45 months from 1991 and 1994. The number
of the words in the dictionary is 20,000. The word
bigram was back-off smoothed after cutting off at 1
word.

Speaker independent cross-word triphone HMMs were
constructed. They were trained using 21,782 sen-
tences spoken by 137 Japanese males. These speech
data is taken from the database of acoustic society of
Japan[4].

100 spoken sentences were dictated using 20,000
word dictionary. Table3 and Table4 shows the tri-
phone recognition result and word recognition result
for 100 spoken sentences. In the word recognition,
88.2% and 86.1% word accuracy are obtained for
MF-DKL51 and MFCC39 respectively. Here we ob-

tained 2% improvement by using MF-DKL51 speech
processing technique compared with the convention-
ally used MFCC39.

Table 3: Triphone recognition rate

Feature Correct(%) Accuracy (%)

(1) MF-DKL51 88.1 44.5
(2) MFCC39 81.7 41.0

Table 4: Word recognition rate

Feature Correct(%) Accuracy (%)

(1) MF-DKL51 90.5 88.2
(2) MFCC39 89.6 86.1

6. CONCLUSION

In this paper, KL transformation is proposed to ap-
ply to MF instead of DCT, because it can reflect the
statistics of speech data more precisely. Through
the experimental result, it was shown that the KLT
improved the correct rate and accuracy of phoneme
recognition by 8% and 6% respectively. we also pro-
posed to compute the delta and delta-delta feature
on the MF, and apply the KL transformation to a set
of MF, its delta and delta-delta features. The effec-
tiveness of this method was proven by the phoneme
recognition and also word accuracy of continuous
speech recognition. Future work will be to find s-
tatistically orthogonal bases instead of geometrically
orthonormal bases.
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