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ABSTRACT

Recently researches in vector quantization domain
concentrate on improving the performance of para-
metric algorithms (i.e., need to specify either the
codebook size or the expected distortion.) The spec-
ification of the both parameters gives the users some
difficulties. We, in the research, propose a non-
parametric vector quantization (NVQ) algorithm.
The concept is to manage Voronoi regions with re-
spect to the distortion decreasing rate. Experimental
results point that the average distortions are statis-
tically decreased comparing with LBG and adaptive
incremental LBG algorithms at the 99% of confidence
level. Both speech and image data are also included
in our consideration.

Keywords: Vector Quantization, codebook, code-
word, Non-parametric Quantization

1. INTRODUCTION

Vector Quantization (VQ) [1, 2] is considered as a
lossy data compression method. In detail, all vectors
are grouped by some geometric properties, and the
centric of each group is promoted to be a codeword.
The obtained codebook (the collection of all code-
words) is said to be the quantized (or compressed)
data which usually use for representing the data. The
performance of the codebook can be measured by its
distortion.

Quantization technique is widespread in many ap-
plications [3, 4], such as image compression, speech
compression, image retrieval and pattern recognition.
VQ can reduce the data size while producing only lit-
tle distortion from real data. Therefore, the results
of VQ, or codebooks, can be used as a representation
of real data. Advantages of using codebooks are to
reduce the storage data and computation time.

Many algorithms have been proposed bases on the
Kmeans [5] idea, such as LBG algorithm [6], ELBG
algorithm [7, 8] and adaptive incremental LBG [9].
The results of these algorithms depend on the in-
put parameters specified by user, which are codebook
sizes or distortion.
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The codebook sizes or distortion have direct effects
on the resulting codebooks. If the codebook size is
too small or the distortion is too large, the resulting
codebook will poorly represent real data. However, if
the codebook size is too large or the distortion is too
small, the resulting codebook size will be almost as
large as the size of the real data.

Based on the mentioned problems, we propose a
new algorithm called non-parametric vector quan-
tization (NVQ). This proposed algorithm does not
require user to define any input parameters by im-
proving of LBG algorithm with automatic identify-
ing codebook size. Our concept is to create both of
codebook and its size in order to obtain the minimum
distortion.

The paper is organized as follows. Section 2 de-
scribes some basic definitions including LBG algo-
rithm, adaptive incremental LBG algorithm. An im-
provement of LBG algorithm with automatic identi-
fying codebook size is also introduces in this section.
Section 3 proposes a novel vector quantization al-
gorithm named Non-parametric vector quantization
(NVQ). Some experimental results are analyzed in
Section 4. Conclusions are presented in Section 5.

2. VECTOR QUANTIZATION

This section presents basic concepts of vector
quantization and introduces the traditional LBG al-
gorithm, the adaptive incremental LBG algorithm,
and the improvement of LBG algorithm with auto-
matic identifying codebook size.

2.1 Definition

Vector quantization Q is the technique for repre-
senting a k -dimensional vector setX = {x1, x1, ..., xm}
by a vector set C = {c1, c1, ..., cn},where k ≥ 2 and
m >> n. So, a vector quantization can be represented
as a function:

Q : X−→C

The vectors of X are called the input data or the
input vectors. C is said to be a codebook and its ele-
ments are called codewords. Associated with n code-
words, there is a partition R1, R1, ..., Rm for X, where

Rj = {x ∈ X : Q(x) = cj} , j = 1,...,n

All vector in X which have the same image of Q
is said to be contained in the same region. From this
definition, the regions are non-overlapping and their
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union is X. A Group of data in the same region is
represented by one codeword.

Vector quantization uses a distance function that
measures the distance between one vector and one
codeword. A commonly used distance function is the
Euclidean distance, shown in equation (1)

d(x,c) =

√
kP

i=1 (xi − ci) (1)

Distance is used to partition the region using the
Nearest neighbor condition. The distance function is
also used to calculate the distortion.

There are many criteria used to evaluate code-
books. Criteria selection depends on applications.
General applications place importance on distortion.
The lower the distortion, the better it is. The mea-
sure of distortion is the mean quantization error
(MQE), shown in equation (2) and (3)

MQE ≡ D({C,R})

= 1
np

ncP
i=1

Ei (2)

Ei =
P

j:xj∈Ri
d(xj, ci) (3)

where Ei is the local quantization error (LQE) of
codeword ci.

The centroid measurement is used in the adjust-
ment of codeword position. The codeword values at
the centroid of region produces minimize distortion.
The centroid value is calculated by equation (4)

cj,k = 1
Nj

NjP
i=1

xi,k, xi ∈ Rj (4)

where Nj is the number of vectors belonging toRj .
The criteria used in vector quantization process is

usually called the nearest neighbor condition (NNC).
It is used to partition data into regions.

The partitionRj ,j=1,...,m must satisfy

Rj ⊃ {x ∈ X : ∀i d(x, cj) < d(x, ci), j 6= i}

where Rj is the region of codeword cj , j=1,...,n.

2.2 Linde-Buzo-Gray algorithm

This algorithm proposed by Yoseph Linde, Andres
Buzo and Robert M. Gray [6] in 1980. Their algo-
rithm is known as the generalized Lloyd algorithm
(GLA) or LBG algorithm. Many proceeding algo-
rithms are developed based on this algorithm. This
algorithm requires user to predefine the codebook
size. The description of this algorithm is as follows.

Algorithm 2.2 LBG algorithm
Input: m input vectors, n codebook size
Output:codebook
1) Random n initial codebook.
2) Partition the input vector for each codeword, just

like defining regions. The partition is calculated ac-
cording to the nearest neighbor condition.
3) Check termination conditions. Compute the
distortion and consider the change rate of dis-
tortion from previous iteration. If (Dprev −
Dcurr/Dcurr ≤∈,terminate the algorithm. Other-
wise, continue.
4) The new codebook is calculated according to the
centroid measurement. Repeat step 2.

In every iteration, the codebook size is constant to
what user predefine. The codebook size is inflexible.
If the codebook size is too large some codeword prob-
ably represent empty regions as illustrated by Fig.1.
This algorithm cannot remove these misleading code-
words.

Fig.1: Misleading Codewords.

Furthermore, this algorithm adjusts the codebook
by calculating from the centroid of each region. Thus,
the resulting codebook depends on the initial code-
book.

2.3 Adaptive incremental LBG

An adaptive incremental LBG [9] was proposed by
Furao Shen and Osamu Hasegawa in 2006. This algo-
rithm was developed based on the LBG algorithm in
order to solve a problem of inflexible codebook size.
This algorithm has two alternatives which user has
to define: codebook size or distortion. Both alterna-
tives follow similar procedures but use different crite-
ria. The description of this algorithm is as follows.

Algorithm 2.3 Adaptive incremental LBG algo-
rithm
input : m input vectors, n codebook size or ξ dis-
tortion
output : codebook
1) Initialize the codebook containing one codeword
which is selected randomly from the original input
vector set.
2) Execute the LBG algorithm to optimize the code-
book.
3) If the current codebook size is smaller than n (or if
the current distortion is greater than ξ ), insert a new
codeword to the codebook until the current codebook
size is equal to n (or the current distortion is less than
or equal to ξ ).
4) If the distortion in the current iteration is greater
than the distortion from previous iteration distortion
(or the codebook size from current iteration is greater
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than the codebook size from previous iteration), re-
turn the previous codebook as a result. Otherwise,
remove the codewords whose LQE are 0 or the lowest.
Back to step 3.

This algorithm still depends on user to determine
input parameters, codebook size or distortion. A new
codeword is inserted by selecting random value form
the original data. In the worst case, a poorly repre-
sented codebook is possible if some codewords repre-
sent only one vector. Therefore, the algorithm must
repeat the process of removing codewords again which
adds unnecessary step to the algorithm.

2.4 An improvement of LBG algorithm with
automatic identifying codebook size

This algorithm [11] solves the problem of LBG al-
gorithm. It does not depend on user to predefine
any input parameters, and produces a lower distor-
tion of the resulting codebook. This algorithm is de-
veloped based on the LBG algorithm and uses the
splitting method from the adaptive incremental LBG
algorithm.

This algorithm uses adjacent codewords with the
second shortest from the data. The adjacent code-
word is denoted by adjcw. During the adjusting pro-
cess of the regions, this algorithm calculates distor-
tion in each subregions. This distortion is called inner
distortion which is calculated by equation (5)

Dj = 1
Nj

NjP
i=1

d(xi, cj , ∀xi ∈ Rj (5)

where Dj is the distortion in partition Rj

This algorithm increases the ability of vector quan-
tization. User need not determine input parameters,
both codebook size and distortion. User can just in-
put the data and the algorithm immediately process.
This algorithm follows step in algorithm 3.1.

Algorithm 2.4 Improvement of LBG algorithm
input : m input vector
output : codebook
1) Initialize the codebook containing one codeword
which is selected randomly from the original input
vector set.
2) Partition the input vector for each codeword, just
like defining regions. The partition is calculated ac-
cording to the nearest neighbor condition.
3) Adjust the partitions using the following steps.

3.1) Find maxcw, which is the codeword with max-
imum inner distortion. Compute maxcw according to
equation (5).

3.2) Find adjcw of maxcw.
3.3) Find edgepoint, which is the vector at the

edge of each region. The edgepoint is represented by
maxcw and is the closest to adjcw.

3.4) Transform the codeword of the edgepoint,
maxcw, into adjcw.

3.5) Calculate a new codebook according to the

centroid measurement.
3.6) If the inner distortion of maxcw is less than

the distortion from the previous iteration, continue
to step 4. Otherwise, use the value stored in a tem-
porary variable, which calculates from the codebook
in the previous iteration.
4) Compute the distortion and consider the change
rate of distortion from the previous iteration.

If(Dprev−Dcurr/Dcurr ≤ 0.001,continue with step
5. Otherwise, continue with step 3.
5) Partition and calculate a new codebook. The parti-
tion is calculated based on the nearest neighbor con-
dition. The new codebook is calculated using the
centroid measurement until the codebook does not
change.

Fig.2: Example of Partitions Adjustment.

Fig. 2 shows steps in adjusting the codeword par-
titions by transforming the codeword of the vector at
the edge of the region. This process increases one by
one. This process increases computation cost. More-
over, an initial codebook is selected randomly from
the original data. The random selection process re-
sults in inconsistent codebooks among each execu-
tion. This problem can be solved by the NVQ algo-
rithm.

3. NON-PARAMETRIC VECTOR QUAN-
TIZATION ALGORITHM

This proposed algorithm presents an non-
parametric vector quantization algorithm, called
NVQ algorithm. The outstanding characteristics of
the NVQ are that user need not to determine any
input parameters and that each time this algorithm
is processed, it returns only one result. Therefore,
NVQ is a deterministic algorithm. Many applications
require the only one result to identify data; speaker
identifying etc.

The NVQ algorithm uses iterative procedures to
adjust the codebook. This algorithm initializes the
codebook using the splitting method. The initial
codebook consists of two codewords. After that,
codewords are adjusted by shrinking and expanding
the partition. The algorithm increases the codebook
size using the splitting method.

Distortion evaluation uses both distortion of all
data and distortion in each subregion, called inner
distortion, which is calculated by equation (5).

The NVQ algorithm comprises of 3 main proce-
dures as follows.
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3.1 Splitting Codeword

The objective of codeword splitting is to increase
the codebook size by one codeword. First, set the
margins for data in the region that we want to in-
crease the codeword by finding maximum and mini-
mum data values for each dimension one by one. This
process is shown in Fig. 3.

Fig.3: Process of Setting Margins for Data in 2D

Fig. 3 shows the process of setting margins for
data in two dimensions. In practice, this technique
can be used in multi-dimension. From this figure, the
shaded circles show the maximum and minimum data
values in each dimension, i.e., circle number 1 is the
minimum value on the horizontal axis, circle number
2 is the maximum value on the horizontal axis, circle
number 3 is the minimum value on the vertical axis
and circle number 4 and 5 are the maximum value on
the vertical axis.

There are two methods in splitting the codeword.

3.1.1 1-to-2 Splitting
The 1-to-2 splitting pattern. Composes of two

steps.
a) Codebook Initialization. This step sets margins

for all data.
b) Codeword Splitting when current codebook con-

sists of 2 codewords. This step sets margin in the
region with the maximum inner distortion.

After setting margins, the next step is to find pos-
sible positions for codewords as shown in Fig. 4.

Fig.4: Two Possible Positions for Codewords

Fig. 4 shows the possible positions for codewords
represented by the plus signs. They are obtained by
calculating one-fourth of each margin on all dimen-
sions. Values of two possible positions for codewords
are the maximum data value minus one-fourth of the
length of the margin and minimum data value plus
one-fourth of the length of the margin in such di-
mension. After obtaining two possible positions for

codewords, the next step is to find the nearest vec-
tor data to each possible position for codeword. The
Two nearest vectors become new codewords.

3.1.2 2-to-3 Splitting
This method is used if the current codebook con-

sists of more than 2 codewords. Process of setting the
margins is different from the previous method. This
method merges data in the maximum distortion re-
gion with data in the adjacent maximum distortion
region before setting the margins.

The method of finding possible positions for code-
words is show in Fig. 5.

Fig.5: Two Possible Positions for Codewords

Fig. 5 shows three possible positions for code-
words, represented by the plus signs. They are ob-
tained by calculating one-sixth and one-half of each
margin on all dimensions. Values of three possible
positions for codewords are the maximum data value
minus one-sixth of the length of the margin, the max-
imum data value minus ong-half of the length of the
margin and the minimum data value plus one-sixth
of the length of the margin in such dimension. Af-
ter obtaining three possible positions for codewords,
the next step is to find the nearest vector data to
each possible position for codeword. The three near-
est vectors become new codewords.

The ideas of both splitting methods are to spread
out new codewords and to use the data nearest to
possible positions for codewords in order to avoid mis-
leading codewords.

3.2 Codebook adjustment

Codebook adjustment is the procedure to adjust
the codeword positions in order to reduce distortion.
There are two methods of adjustment as follows.

3.2.1 Partition shrinking and expanding
This method moves the adjacent codeword closer

to the max codeword, which is the codeword with the
maximum inner distortion. This process can be per-
ceived as shrinking the maximum region, which is the
region with maximum distortion, and expanding the
adjacent regions in order to reduce distortion in the
maximum region. The idea of this method is that the
inner distortion affects all distortion. Consequently,
we expect that by reducing the inner distortion, the
overall distortion will be decreased too.
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This procedure moves the adjacent codeword
closer to maximum codeword by one-half of the length
between those codewords in each dimension. This
process is used because we want the adjacent code-
word to cover the previous region. The last phase
of procedure checks if the distortion of current code-
book is not reduced, The previous codebook becomes
the resulting codebook. However, if the distortion is
reduced, continue using the current codebook. Ex-
amples of this process is shown in Fig. 6(a) - 6(c)

Fig.6: (a) Before partition shrinking and expanding
(b) Partition Shrinking and expanding (c) Partition
and centroid calculation

Fig. 6 shows examples of codeword adjustment
by shrinking and expanding method. Fig. 6(a) shows
data and codebook before partition shrinking and ex-
panding process. Codeword number 1 is the maxi-
mum codeword. Codeword number 2 is the adjacent
codeword. Fig. 6(b) shows the shifting of codeword
number hs2 closer to codeword number 1. Fig. 6(c)
shows region adjustment by using partition and cen-
troid calculation, Description using this method is as
follows.
3.2.2 Partition and centroid calculation

The codebook adjustment is the adjustment of
each codeword to be closer to the centroid of each
region, where the distortion is the lowest. First the
region is partitioned based on the nearest neighbor
condition. Second, the centroid partition is calcu-
lated for each region.

3.3 Criteria in NVQ

There are three main criteria in the algorithm.

3.3.1 Criteria for max codeword changing
Partition shrinking and expanding is processed un-

til the inner distortion, which is the distortion in the
region, is lower than the distortion that is calculated
from all data. Then, this algorithm changes the code-
word from max codeword to other codewords which
have never been used as max codewords nor adjacent
codewords in previous iterations using the same code-
book size.

3.3.2 Criteria for codeword splitting
Codebook size incremental is used if the current

codebook size is too small to terminate the algorithm.
If the max codeword cannot be found, the algorithm
splits the codeword to reduce the distortion.

3.3.3 Criteria for algorithm termination
Algorithm termination considers the change rate

of distortion from the previous iteration. According
to relative error[12] of distortion, if the changer rate
is less than 0.001, the algorithm will be terminated.
The change rate is computed as follow

ε =
|Dprev−Dcurr|

Dcurr

Description of the proposed algorithm is as follows.

NVQ Algorithm :
Input : a set of vector
Output : codebook C

1. Initialize codebook C based on the 1-to-2 split-
ting method.
2. Partition and calculate centroid using the current
codebook. Partition the region according to the Near-
est neighbor condition. Calculate centroid using cen-
troid measurement.
3. Find the codeword with the maximum distortion.
4. Check codeword splitting condition.
5. Find the codeword adjacent to the maximum code-
word.
6. Shrink and expand the partition.
7. Check criteria for max codeword changing. If the
codeword meets the criteria, change max codeword
and continue with step 8. Otherwise, vary the ad-
jacent codeword during the process of shrinking and
expanding the partition.
8. Repeat step 3-7 until the algorithm meets the ter-
mination criteria and continue with step 9.
9. Partition and calculate centroid using the current
codebook until the codebook does not change.

The NVQ algorithm finds the codebook without
user inputs on codebook size or distortion. This pro-
cess is possible because the algorithm increases code-
book size one by one. For each codebook size, the
codeword position is adjusted to find the suitable
codebook by shrinking and expanding the partition.

4. EXPERIMENT

This session presents the distortion obtained from
the NVQ algorithm and compares it with the distor-
tion from other algorithms, LBG algorithm and adap-
tive incremental LBG. The comparison is done using
the codebook size from the NVQ algorithm. Most of
vector data are generated by 2-dimension images and
multidimension voice[19, 20]. The description about
sets of vector data which are generated by image and
random vectors is as follows.
1. Plane image 7,036 vectors, illustrated by Fig. 7
2. Lena image, a popular test image, 24,289 vectors,
illustrated by Fig. 8
3. Baboon monkey image 16,906 vectors, illustrated
by Fig. 9
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4. Cluster image 390 vectors, illustrated by Fig. 10
5. Text image 3,376 vectors, illustrated by Fig. 11
6. Curve image 1,591 vectors, illustrated by Fig. 12
7. Unstructured vector data 5,627 vectors, illustrated
by Fig. 13
8. Random vector 300 vectors, illustrated by Fig. 14
9. Oval image 416 vectors, illustrated by Fig. 15
10. Heart image 395 vectors, illustrated by Fig. 16

Description about sets of vector generated by voice
is shown in Table 1

Table 1: Description of voice data

We tested the NVQ algorithm first because the
codebook size from NVQ will be used by other al-
gorithms. This experiment compares average distor-
tion of LBG and adaptive incremental LBG with the
distortion of NVQ. The distortion is used for per-
formance evaluation because general applications in
vector quantization use this value to determine the
suitability of the codebook. We shown the distortion
of codebooks obtained from our algorithm and the
average distortion from other algorithms in Table 2.

Table 2 shows the comparison of distortion be-
tween NVQ algorithm and other algorithms. The
distortion of NVQ algorithm are less than other al-
gorithms in all tests. Therefore, the proposed al-
gorithm can produce the codebook with lower dis-
tortion. Moreover our algorithm can process vector
quantization without user inputs on codebook value
and distortion. User can only input the data and our
algorithm automatically processes the data.

In order to test distortion from different algo-
rithms, we test the differences using the paired T-test.
The NVQ algorithm, when compared with LBG and
adaptive incremental LBG algorithms, shows statis-
tically [21] better average distortion at the 99% confi-
dence level. (tvalue = -3.639 and -4.235 respectively,
p-value = 0.01)

5. CONCLUSION

Vector quantization is one method that can reduce
data size. User can use small codebooks instead of us-
ing large data. But, currently, several VQ algorithms
depend on user to predefine codebook sizes or distor-
tion as input parameter. Thus, the resulting code-
book directly depends on user inputs. Consequently,
we developed an Nonparametric vector quantization

Fig 7: Testing set 1 Fig 8: Testing set 2

Fig 9: Testing set 3 Fig 10: Testing set 4

Fig 11: Testing set 5 Fig 12: Testing set 6

Fig 13: Testing set 7 Fig 14: Testing set 8

Fig 15: Testing set 9 Fig 16: Testing set 10
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Table 2: Distortion comparison for three algorithms

to solve this problem. We proposed the NVQ algo-
rithm which is a deterministic algorithm. Techniques
of this algorithm are shrinking and expanding the
partition using the same codebook size and increasing
the codebook size when the current codebook cannot
reduce the distortion. This proposed algorithm can
process vector quantization automatically after the
data are input. User need not concern about input
parameter values. Moreover, from the experiment,
NVQ algorithm gives lower average distortion than
LBG algorithm and adaptive incremental LBG.
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