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Abstract
In this paper, we investigate a novel method for transforming 
line spectral frequency (LSF) parameters to lower dimensional 
coefficients. Radial basis function neutral network (RBF NN) 
based transforming model is used to fit LSF vectors. In the 
training process, two criterions, including mean squared error 
and weighted mean squared error, are involved to measure 
distance between original vector and approximate vector. 
Besides, features of LSF parameters are taken into account to 
supervise the training process. As a result, LSF vectors are 
represented by the coefficient vectors of transforming model. 
The experimental results reveal that 24-order LSF vector can 
be transformed to 15-dimension coefficient vector with an 
average spectral distortion of approximately 1dB. Subjective 
evaluation manifests that the transforming method in this 
paper will not lead to significant voice quality decreasing.  

Index Terms: LSF transformation, reducing dimensions, 
Gaussian RBF  

1. Introduction
Speech is windowed into frames and the spectral envelope is 
parametrically modeled as an all-pole filter, whose 
coefficients are called linear prediction coefficient (LPC) 
parameters. LPC parameters have been successfully used in 
speech coding, speech synthesis, voice conversion and so on. 
Such as, LPC parameters are adopted in many 
telecommunication standards [12] [13] set by ITU 
telecommunication standardization sector; LPC parameters are 
often used as trainable acoustic features in HMM based text-
to-speech system [1]; in many voice conversion researches, 
LPC parameters are also involved to represent the spectral 
envelope [2]. Generally, LPC parameters are commonly 
represented in terms of line spectral frequency (LSF) 
parameters.

However, in order to precisely represent spectral envelope, 
higher dimensions of LSF parameters are needed. Obviously it 
will lead to the cost of an increase in computational 
complexity and memory requirement. A common approach to 
solve this problem is to transform higher order LSF vectors to 
lower dimension coefficient vectors. The transformed 
coefficient vectors are used in computing and storage. While 
reconstructing the spectral envelope, the transformed 
coefficient vectors are transformed back to LSF vectors. The 
KL transform based PCA method [3] is investigated, which 
has been proved to be quite successful in reducing dimensions. 
However, the PCA method does not support inverse 
transformation, which means the transformed coefficient 
vectors can not be transformed back to original vectors. So a 
good transforming method must satisfy at least two conditions: 
the transformed vectors can be transformed back to LSF 

vectors; the transformed coefficient vectors can precisely 
represent the LSF vectors. 

In this paper, we develop a novel method for transforming 
line spectral frequency (LSF) parameters. A transforming 
model, based on radial basis function neutral network (RBF 
NN) [4] which has proved to be quite successful in non-linear 
function approximation [5] [6], is adopted to fit 24-order LSF 
vectors. Gaussian RBF is chosen as basis function, whose 
centers and widths are selected according to the analysis of 
power spectrum which is reconstructed by LSF vectors. In 
order to seek optimal coefficients, different criterions, 
including mean squared error and weighted mean squared 
error, are tested for measuring the distance between original 
vector and approximate vector. Besides, local maxima, 
minima points and general shape of LSF parameters are taken 
into account to supervise the training process. Then LSF 
vectors can be represented by coefficient vectors of 
corresponding transforming model. Commonly, dimensions of 
transformed coefficient vectors are lower than that of the 
original LSF vectors. The experimental results reveal that 24-
order LSF vector can be precisely represented by 15-
dimension coefficient vector with an average spectral 
distortion of approximately 1dB. Subjective evaluation 
manifests that the transforming method in this paper will not 
lead to significant voice quality decreasing. 

The rest of the paper is organized as follows. Following 
the introduction, section 2 will give a brief description of RBF 
NN-based transforming model. Section 3 will introduce how 
to transform LSF vectors with the transforming model. 
Experimental results and discussion are given in section 4. 
Finally, concluding remarks are made in section 5. 

2. RBF NN-based transforming model 
In non-linear function approximation, radial basis function 
neutral network has been proved to be able to give excellent 
performance in various applications [5] [6]. RBF NN aims at 
learning a set of weights for selected basis function based only 
on a training set of N input-output pairs in a black box 
modeling approach. Based on these advantages, RBF NN is 
used to construct our transforming model. 

The transforming model is used to reduce dimensions of 
LSF vectors. Consider a n-order LSF vector 1[ ,..., ]n� � , the 
training set{ , }X Y is set as: 1[ ,..., ]nX x x� , is an input vector, 
where ix i� ; and 1[ ,..., ]nY y y� , is the target output vector, 
where i iy ��  , 1,...,i n� , is the dimension of LSF vector.  
The output of transforming model is calculated according to 

n

ˆ ( )Wi iy x� �  (1) 

where is the ith component of approximate output vector 

corresponding to its input 

ˆiy

ix , are the 0 1W [ , , , ]T
h� � �� � � �
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coefficients of the model, 1( ) [1, ( ), , ( )]hx x x� �� � � � � , ( )i� � is a 
basis function, h is the number of basis function the 
transforming model used. 

The basis function chosen in transforming model is the 
Gaussian RBF: 2 2( ) exp{ / }, 1,2, ,i i ix x c i h� �� 	 	 � � � � ,

where are the RBF centers in the input vector space, 

and  which are referred to as spread parameters control 
the widths of the RBF .

1{ }h
i ic �

1{ }h
i i� �

In fact, the training can be viewed as a data-fitting process, 
which performs the adjustments of its parameters 
( , , ) so that the error between the actual and 
the desired output is minimized relative to some optimization 
criterion.

1{ }h
i ic � 1{ }h

i i� � W

3. LSF vector transformation 
In this section, more considerations are given in the LSF 
vector transforming process. The selection of centers and 
widths of Gaussian function is discussed. Different distance 
measuring methods are tested as optimization criterion. In 
addition, features of LSF vector including boundary 
conditions and general shape are taken into account. Detailed 
description is given bellow. 

3.1. Centers and widths of Gaussian RBF 
Many methods have been proposed for the choice of the 

centers and widths of Gaussian RBF. Practically, the 
centers  are commonly chosen in a random manner as a 

subset of the input data set. And the widths 
1{ }h

i ic �

1{ }h
i i� � are

generally set according to the simple heuristic relationship [7]: 

max

2i
d

h
� � (2)

where is the maximum Euclidean distance between the 
selected centers, and h is the number of basis function used. 

maxd

In this paper, centers are set according to the change of 
spectral envelope affected by shifting of LSF. Higher power 
regions in power spectrum probably represent the formant 
regions. The experiments in Figure1 manifest that the 
deviations in the LSF parameters situated in formant regions 
affect the reconstructed power spectrum more than those in the 
spectral valleys. The parameters concentrated regions in LSF 
vector are probably those formant regions which need to be 
accurately fitted. So the centers of Gaussian RBF would better 
be chosen according to the probability density distribution of 
LSF parameters.  

   (a) 

   (b) 

Figure 1: Original and reconstructed spectral envelope for 
a 24-order LPC analysis: (a) shifting the 18th LSF (SD=1.763 
dB); (b) shifting the 3th LSF (SD=0.533 dB). The solid and 
dashed lines show spectral envelope reconstructed by original 
and shifted LSF, respectively.

Once centers are chosen, the widths can be calculated 
according to the equation (2).

3.2. LSF vector transformation 
After the centers and widths are selected, the training task 

is to choose a suitable optimization criterion and then to 
determine the appropriate coefficients of Gaussian basis 
functions.

If the mean square error (MSE) between the original and 
approximated output is chosen as the distance criterion, the 
training task is to find the best coefficients to minimize the 
MSE, the problem is given as follows: 

W

T1min : (W) ( W) ( W)
2

R Y Y� 	� 	� (3)

where . Linear least squares 
algorithm is used to solve the problem, we have: 

T T
1[ ( ),..., ( )]nx x� � � � T

(4)T TW [ ] Y
� � � �

T[ ]
� � denotes the pseudo inverse of the nonlinear mapping 
matrix . 

Another distance measuring method proposed in split 
vector quantization [8] is weighted mean square error which 
takes power spectrum information of LSF vector into account. 
The weighted distance between the original vector and the 
approximated vector  is defined as: 

Y
Ŷ

(5)2

1

ˆ ˆ( , ) [ ( )]
n

i i i
i

d Y Y y y� �
�

� 	�

where and are the ith component in the original and 
approximated vector respectively. The dynamic coefficients, 

iy ˆiy

1{ }n
i i� � , are given by: 

(6)[ ( )]r
i ip y� �

where is the LPC power spectrum and r is a 
constant( typical value used is 0.15 ). 

( )p y

If the weighted distance is chosen as the distance criterion, 
the training task is changed to find the best coefficients to 
minimize the weighted distance. Therefore the problem turns 
out to be: 

W
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T T1min: (W) ( W) ( W)
2

R Y Y� 	� � � 	� (7)

where 1 2( , ,..., )ndiag � � �� � is a diagonal matrix. 
Linear least squares algorithm can be used to solve this 

problem. The solution of is: W
   (8) T T T TW [ ] Y
� � � � � �

In addition, the LSF vector 1[ ,..., ]n� � commonly subjects 

to these rules: (1) each component is valued no less than 
0 and no more than

1{ }n
i i� �

 , that is 0 i� � � ; (2) the LSF 
parameters are organized in ascending order, that 
is j i� �� while j i�  or ( ) / ( ) 0j i j i� �� � � . For the 

transforming training set { , }X Y , these rules can be written 
as 0 iy � � , and .
These are prior knowledge of the training network including 
local maxima and minima points and the general shape of the 
target function. This type of knowledge is commonly 
incorporated into network as constraints [9] so that they can 
supervise the training process. According to equation (1), the 
border constraint can be written as 0 (

1 1( ) / ( ) 0, 1,2, ,i i i iy y x x i n
 
	 	 � � � � � 	1

)Wix �� � and the 

shape constraint is ( )W( )W 0i
i

i

xx
x

���� � �
�

.

Since new constraints are added into the network, the 
training task is to find the suitable to minimize the distance 
between the original and approximated output while satisfying 
the constraints. The problem can be updated as: 

W

min (W)
 s.t. 0 ( )W

( )W 0 1,..., .
i

i

R
x

x i n
� � �

�� � �

(9)

Reduced gradient method is used to solve this problem, 
and the results will be discussed in section 4. 

4. Experimental results and discussion 
The experiments, including spectral distortion measures and 
subjective evaluation, are performed to evaluate the 
performance of our method. The speech database used in these 
experiments is TIMIT database.  

4.1. Spectral distortion measures 
We have used the preprocessing and LPC analysis to the 

TIMIT database to produce 24-order linear prediction 
coefficient (LPC) parameters. LPC parameters are then 
converted to 24-order line spectral frequency (LSF) 
parameters, which are used in the following experiments.  

The selection of centers and widths of Gaussian RBF is 
based on cross validation method. Since the purpose to 
transform LSF vector is to reduce its dimensions, all the LSF 
vectors in our experiments share the same set of centers and 
widths, which promises no extra memory consumption. 

In order to objectively measure the distortion between a 
transformed and original vector, the spectral distortion [10], 
which is commonly used in narrowband speech coding, is 
used here. For the ith frame, the spectral distortion is 
defined as: 

iD

2
10 10

0

1 ˆ[10log ( ) 10log ( )]
sF

i i i
s

D P f P
F

� 	�

where sF is the sampling frequency and and are
the LPC power spectra of the coded and original ith frame, 
respectively. 

( )iP f ˆ ( )iP f

The conditions for transparent speech is that average SD is 
around 1dB, produces outliers between 2-4 dB < 2% and 
produces no outlier >4 dB. 

Table 1 shows the average spectral distortion of LSF 
transformation using mean squared error (MSE) between 
original and approximated vector as distance criterion, while 
Table 2 shows that using weighted MSE criterion.  In Table 3, 
the shape and border constraints are taken into account while 
MSE is adopted to measure the distance. In these tables, h
represents the number of basis function used in transforming 
model. Avg.SD means the average spectrum distortion of the 
reconstructed spectrums.

 Table 1. Performance of LSF vector transformation 
using MSE as distance criterion 

Outliers (in %) 
h           Avg. SD(db)

2-4 db             >4db 
13 1.1090 3.790 0.008
14 1.0408 3.002 0.008
15 0.9894 2.158 0.007
16 0.8965 1.433 0.000
17 0.8622 1.203 0.000

 Table 2. Performance of LSF vector transformation 
using weighted MSE as distance criterion 

Outliers (in %) 
 h           Avg. SD(db)

2-4 db              >4db 
13 1.1181 4.054 0.009
14 1.0555 3.247 0.007
15 1.0039 2.611 0.007
16 0.9236 1.784 0.000
17 0.8945 1.359 0.000

 Table 3. Performance of LSF vector transformation 
using MSE as distance criterion with shape and 
border constraints 

Outliers (in %) 
h           Avg. SD(db)

2-4 db              >4db 
13 1.0835 1.943 0.000
14 1.0183 1.525 0.000
15 0.9426 1.287 0.000
16 0.8770 1.005 0.000
17 0.8103 0.861 0.000

 Table 4. Performance of split LSF vector 
transformation using weighted MSE as distance 

f df  (10) 

Outliers (in %) 
h           Avg. SD(db)

2-4 db              >4db 
13 1.4590 10.620 0.026
14 1.4138 8.363 0.024
15 1.4077 6.919 0.024
16 1.1793 4.486 0.020
17 0.9865 1.325 0.008
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Since weighted MSE is proposed in split vector 
quantization [8], it is regarded superior when the LSF vector is 
decomposed into sub-vectors. So we also make such an 
experiment; the 24-order LSF vector is splitted into 2 12-order 
subvectors, and modeled using RBF NN respectively. The 
performance is shown in Table 4. 

AS is shown in Table 1,2,3,4, it is obvious that the more 
basis functions are used in the training process the better the 
performance of spectral distortion will be. Besides, from Table 
1, Table 2 and Table 4, we can observe that: using mean 
square error is better than using weighted mean square error 
for measuring the distance between original and transformed 
LSF vector; transforming whole LSF vector is better than 
transforming decomposed sub-vectors.

Comparing Table 3 with Table 1, 2, it is observed that 
constraints do great contribution to decrease the proportion of 
outliers between 2-4 dB because of its supervising of border 
and general shape. Table 3 also shows that 14 basis functions 
are enough for RBF NN to model LSF vectors. That means 
24-order LSF vector can be represented by 15-dimension 
coefficient vector. A contrast of spectral envelope 
reconstructed by 24-order LSF vector, 15-order LSF vector 
and 15-dimension coefficient vector is shown in Figure 2. It is 
obvious that 15-dimension coefficient vector is close to 24-
order LSF vector in representing spectral envelope, and is 
much better than 15-order LSF vector. 

Figure 2: A contrast of spectral envelope. The solid, 
dashed and dashdot lines show spectral envelope 
reconstructed by 24-order LSF vector, 15-order LSF vector 
and 15-dimension coefficient vector, respectively.

4.2. Subjective evaluation 
100 sentences of TIMIT database are analyzed with 

STRAIGHT-based vocoder [11]. The spectrums are 
represented with 15-order LPC vectors and 24-order LPC 
vectors respectively, which are then converted to 
corresponding LSF parameters. The 24-order LSF vectors are 
then transformed to 15-dimension coefficient vectors. Table 
5,6 show the subjective test of the speech resynthesized with 
the spectrum reconstructed by these 3 kinds of parameters 
using STRAIGHT-based vocoder. The subjective test is 
performed with 9 subjects participating. Each listener is asked 
to evaluate the transform performance in a preference test and 
speech quality in a MOS test. 

Table 5. Result from preference in score 

transformed
vector

15-order LSF 
vector

0.8 0.2

Table 6. Result from MOS test

24-order
LSF vector

transformed
vector

15-order LSF 
vector

4.5 4.2 3.9

From Table 5, 6, we can see that the resynthesized speech 
using transformed vectors is no obvious discrimination from 
that using 24-order LSF vectors, and is doubtlessly better than 
that using 15-order LSF vectors. That means the transforming 
method in this paper will not lead to significant voice quality 
decreasing. 

5. Conclusion
In this paper, we have investigated the RBF NN to transform 
LSF vectors to lower dimensional coefficient vectors. In LSF 
transformation experiments, the transformation results reveal 
that 24-order LSF vector can be precisely represented by 15-
dimension coefficient vectors. Besides, subjective evaluation 
manifests that the transforming method in this paper will not 
lead to significant voice quality decreasing. Overall, the RBF 
NN based LSF transformation method satisfies our needs: on 
one hand, the transformed coefficient vectors can be 
transformed back to corresponding LSF vectors; on the other 
hand, transformed vectors with no more than 2/3 dimensions 
of original vectors can precisely represent the original vectors.  
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