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Abstract. One of the most serious problems in vector quantization is the high 
computational complexity at the encoding phase. This paper presents a new fast 
search algorithm for vector quantization based on Extended Associative Memo-
ries (FSA-EAM). In order to obtain the FSA-EAM, first, we used the Extended 
Associative Memories (EAM) to create an EAM-codebook applying the EAM 
training stage to the codebook produced by the LBG algorithm. The result of 
this stage is an associative network whose goal is to establish a relation between 
training set and the codebook generated by the LBG algorithm. This associative 
network is EAM-codebook which is used by the FSA-EAM. The FSA-EAM 
VQ process is performed using the recalling stage of EAM. This process gener-
ates a set of the class indices to which each input vector belongs. With respect 
to the LBG algorithm, the main advantage offered by the proposed algorithm is 
high processing speed and low demand of resources (system memory), while 
the encoding quality remains competitive. 

Keywords: vector quantization, associative memories, image coding, fast 
search. 

1   Introduction 

Vector quantization (VQ) has been used as an efficient and popular method in lossy 
image and speech compression [1], [2], [3]. In these areas, VQ is a technique that can 
produce results very next to the theoretical limits. Its main disadvantage is a high 
computation complexity. The most widely used and simplest technique for designing 
vector quantizers is the LBG algorithm by Y. Linde et al. [4]. It is an iterative descent 
algorithm which monotonically decreases the distortion function towards a local 
minimum. Sometimes, it is also referred as the generalized Lloyd algorithm (GLA), 
since it is a vector generalization of a clustering algorithm due to Lloyd [5]. New 
algorithms for VQ based on artificial neuronal networks (ANNs) have arisen as an 
alternative to traditional methods.  

Sayed Bahram et al. in [6] proposed a method to design vector quantizers based on 
competitive learning neural networks. This technique is used to create a topological 
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similarity between then input space and the index space and this similarity have been 
used to improve the performance of vector quantizers on the noisy channels.  

Kohonen´s algorithm, or Kohonen´s topological self-organizing map (SOM) [7], 
[8], [9], is a competitive-learning network that can be used for vector quantization. 
Two SOM features are used for vector quantization implementation; 1) SOM permits 
to realize the quantization of a continuous input space of stimuli into a discrete output 
space, the codebook;. 2) The essential property of Kohonen algorithm is self-
organization, since this algorithm is based on the observation of the brain that realizes 
self-organization of cartographies during the first stages of their development. N. 
Nasrabadi and Y. Feng [10] proposed a vector quantizer using Kohonen self-
organizing feature maps. The obtained results were similar to the LGB algorithm 
when considering the quality of the compressed image. C. Amerijckx et al. [11], [12] 
proposed a new compression scheme for digital still images using the Kohonen’s 
neural network algorithm. This new scheme is based on the organization property of 
Kohonen maps. 

Recently, E. Guzmán et al. [13] proposed the design of an evolutionary codebook 
based on morphological associative memories to be used in a VQ process. The algo-
rithm applied to the image for codebook generation uses the morphological autoasso-
ciative memories. An evolution process of codebook creation occurs applying the 
algorithm on new images, this process adds the information codified of the next im-
age to the codebook allowing recover the images with better quality without affecting 
the processing speed. 

In this work we present a new fast search algorithm for vector quantization based 
on Extended Associative Memories (FSA-EAM). We used the Extended Associative 
Memories (EAM) to create an EAM-codebook applying the EAM training stage to 
the codebook produced by the LBG algorithm. The EAM-codebook is an associative 
network whose goal is to establish a relation between training set and the codebook 
generated by the LBG algorithm; this new codebook is used by the FSA-EAM. With 
respect to the LBG algorithm, the main advantage offered by the proposed algorithm 
is high processing speed and low demand of system memory, while the encoding 
quality remains competitive. 

2   Theoretical Background of Extended Associative Memories 

An associative memory designed for pattern classification is an element whose fun-
damental purpose is to establish a relation of a input pattern [ ]nix=x  with the index i 

of a class ic . Let ( ) ( ) ( ){ }k
k ccc ,x,...,,x,,x 2

2
1

1  be k couples of a pattern and its corre-

sponding class index defined as the set of fundamental couples. The set of fundamen-

tal couples is represented by ( ){ }kc ,...,2,1| =μμ
μ ,x ; where nRx ∈μ and 

Nc ,...,2,1=μ . The associative memory is represented by a matrix generated from 

the set of fundamental couples. 
In 2004, H. Sossa et al. proposed an associative memory model for the classifica-

tion of real-valued patterns [14], [15]. This model is an extension of the Lernmatrix 
model proposed by K. Steinbuch [16]. The extended associative memory (EAM) is 
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based on the general concept of learning function of associative memory and presents 
a high performance in pattern classification of real value data in its components and 
with altered pattern version. In the EAM, to the being an associative memory utilized 
for pattern classification, all the synaptic weights that belong to output i are accom-
modated at the i-th row of a matrix M. The final value of this row is a function φ  of 

all the patterns belonging to class i. The φ  function acts as a generalizing learning 

mechanism that reflects the flexibility of the memory [14]. 
The training phase consists on evaluating function φ  for each class. The function 

φ  can be evaluated in various manners. The arithmetical average operator (prom) and 

median operator (med) are used in the signals and images treatment frequently; in 
[14], the authors studied the performance of these operators when using EAM to 
evaluate the function φ . The goal of the training phase is to establish a relation be-

tween an input pattern [ ]nix=x , and the index i of a class ic . Considering that each 

class is composed for q patterns [ ]nix=x , and that ( )niii ,1, ,...,φφφ = ; then, the train-

ing phase of the EAM when use the operators prom or med to evaluate the functions 

iφ  is defined by: 

∑
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The memory [ ]ijm=M is obtained after evaluating the functions iφ ; when N 

classes exist and the vectors to classify are n-dimensional, the memory size is nN × . 
The pattern recall (pattern classification) by EAM is done when a pattern 

nRx ∈μ  is presented to the memory M. It is not necessary that the pattern is one of 
the already used to build the memory M. The goal of this phase is the generation of 
the class index to which the pattern belongs. The class to which x belongs is given by  
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The Theorem 1 and Corollaries 1-5 from [14] govern the conditions that must be 
satisfied to obtain a perfect classification of a pattern.  

3   Fast Searching Algorithm for Vector Quantization Based on 
Extended Associative Memories 

The new algorithm proposed, FSA-EAM, for VQ applications make use of the EAM 
in both codebook generation and codeword search. We consider that the codebook is 
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formed by a set of n-dimension vectors [ ]jy=y , denoted by { }NiC i   y ,...,2,1: == , 

each vector is named “codeword”. Furthermore, a transformed image of km ×  pixels 
is divided in M  blocks of lt ×  size, { }MiX i   x ,...,2,1: == , each of this blocks repre-

sent n-dimensional input vectors [ ]jx=x . 

3.1   Codebook Generation Using Extended Associative Memories 

The codebook generation based on LBG algorithm and the EAM is fundamental to 
obtain a fast search process for VQ. The proposed codebook generation algorithm is 
defined in three phases:  

Phase 1. LBG codebook generation. This phase applies the LBG algorithm on the 
image blocks (training set) { }MiX i   x ,...,2,1: ==  to generate an initial codebook: 

{ }NiC i   y ,...,2,1: == . 

Phase 2. Determination of the codeword associated to each image block using 
Euclidean distance. This phase uses the codebook generated in the previous phase and 
the training set. This stage designs a ( ) ( )inii

i yyy ,...,, 21== yxQ  mapping and assigns an 

index i to each input vector ( )nxxx ,...,, 21=x . The Q mapping must satisfy: 

( ) ( ),,min, j

j

i dd yx yx =  for Nj ,...,3,2,1= ; where ( )jd yx,  is the distortion of repre-

senting the input vector x by the codeword jy  measured by Euclidean distance.  

If one consider each codeword iy  as a class (existing N classes), then the result of 

this stage is a set of M indices that indicates to which class iy  each input vector x 
belongs. Let us to denote this set of indices as { }MihH i   ,...,2,1: == . This stage also 

generates a set of N indices that indicates the number of input vectors that is com-
posed to each class. This set is denoted as { }NibB i   ,...,2,1: == . 

Phase 3. Generation of a new codebook based on EAM. The goal of the third stage is 
to generate a new codebook, EAM-codebook. We will form a set of fundamental 
couples for the EAM-codebook generation, where the set of input patterns is inte-
grated of M image blocks: { }MiX i   x ,...,2,1: == , and the corresponding index of the 

class to which the input pattern ix  belongs is defined by { }MihH i   ,...,2,1: == . Fi-

nally, the number of input patterns that compose each class is { }NibB i   ,...,2,1: == .  

The training stage of the EAM now can be applied by means of the equations 1 or 2. 
The result of this process is an associative network whose goal is to establish a relation 
of image blocks (training set) with the codebook generated by the LBG algorithm. This 
associative network is now a new codebook, which will be used by the fast search 
algorithm for VQ proposed in this paper: EAM-codebook = M. 

3.2   Vector Quantization Using FSA-EAM  

In a VQ process based on the similarity criterion between input vectors and code-
words, each input vector is replaced by the index of the codeword that present the 
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nearest matching. In contrast to the process of EAM-codebook generation, the vector 
quantization using FSA-EAM is very simple. The EAM-codebook is based on the 
EAM training stage and the VQ process is performed using the EAM recalling stage. 
When an input pattern is presented to the EAM-codebook, the index of the class to 
which the pattern belongs is generated. When the prom operator was used in the 
EAM-codebook generation, the index of the class to which x belongs is given by 
equation 3; when the med operator was used, the index is given by equation 4. 

When a pattern not used to build the EAM-codebook is presented to VQ process 
using FSA-EAM, the EAM has the property to assign the index of the row of M 
which is the nearest to the pattern presented. This property allows to FSA-EAM to 
quantify in efficient form the patterns that do not belong to the training set. 

3.3   Complexity of FSA-EAM Algorithm 

In this subsection, we analyze time and space complexity of the FSA-EAM algo-
rithm. Table 1 shows the pseudo code of the most significant part of FSA-EAM. 

Table 1. Pseudo code of the FSA-EAM 

 

3.3.1   Time Complexity 
In order to measure the FSA-EAM algorithm time complexity, we first obtain the run 
time based on the number of elementary operations (EO) that FSA-EAM realizes to 
classify a pattern. Considering the worst case of the pseudo code from Table 1, the 
total number of EO that realizes the algorithm is:  

( ) ( ) ( ) 714121383612 ++=+++++= NNnNNNnnT  (5) 

where N is a codebook size and n is a pattern dimension. 
Another form of to measure the FSA-EAM algorithm time complexity is to ana-

lyze the number and type of arithmetical operations realized during the VQ process of 
an image. For this purpose, we know that this process is applied to image of km ×  

// FSA-EAM pattern classification subroutine 
01| subroutine PCS() 
02| variables 
03|    x,k,j,l,aux: integer 
04|    arg[N]=’0’: integer 
05| begin 
06|     for k•1 1 to N [operations k=k+1] do 
07|        for j•1 1 to n [operations j=j+1]) do 
08|            aux=abs(EAM_codebook[k][j]-x[i][j]); 
09|            if (aux>arg[k]) then 
10|                arg[k]=aux; 
11|            end_if 
12|        end_for 
13|     end_for 
14|     aux=max(x); 
15|     for l•1 1 to N [operations l=l+1] do 
16|         if(arg[l]<aux) 
17|            aux=arg[l]; 
18|            index=l; 
19|         end_if 
20|     end_for 
21| end_subroutine 
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pixels. The number of operations that FSA-EAM needs to quantify the image de-
pends on the image size, the codebook size N and the pattern dimension n 

[ ])1()2( opNopNn
n

km +⎟
⎠
⎞

⎜
⎝
⎛ ×  

(6) 

where op1=1 comparison and op2=1 sum and 1 comparison; ( ) nkm ×  is the number 

of patterns to quantify.  

3.3.2   Space Complexity 
The FSA-EAM algorithm space complexity is determined by the amount of memory 
required for its execution. In order to quantify an image of km ×  size, which contains 

( ) nkmM ×=  n-dimensional patterns, the VQ process using FSA-EAM requires two 

vectors arg [ ]N , indices[ ]M  and one matrix EAM-codebook [ ][ ]nN . Hence, the number 

of memory units (mu) required for this process is: 

mu_arg + mu_indexes + mu_EAM-codebook = ( )1++ nNM  (7) 

The FSA-EAM algorithm uses only subtraction and comparison operations. There-
fore, the result always is an integer number. For grayscale image compression, 8 
bits/pixel, the FSA-EAM requires a variable of more than 8 bits. Compilers allow 
declaring variables of type short of 16 bit integer signed numbers. Hence, the total 
number of bytes required by the FSA-EAM algorithm is: 

( )( )12 ++ nNM  (8) 

4   Experimental Results 

In this section, we present the experimental results obtained using the FSA-EAM in a 
VQ process. First, we compare the FSA-EAM performance with the traditional LBG 
algorithm. Second, we analyze the number and type of operations and the amount of 
memory used by the FSA-EAM and the traditional LBG algorithm. For this purpose, 
a set of test image of size 512512×  with 256 gray levels was used in simulations 
(Lena, Peppers, Elaine and Man). In order to measure the performance of both FSA-
EAM and LBG algorithm, we used a popular objective performance criterion called 
the peak signal-to-noise ratio (PSNR), which is defined as: 

( )
( ) ⎟⎟

⎟

⎠

⎞

⎜⎜
⎜

⎝

⎛

−
−=

∑ =

M

i ii

n

ppM

PSNR

1

2

2

10 ~1
12

log10
 

(9) 

where n is the number of bits per pixel, M is the number of pixels in the image, ip  is 

the i-th pixel in the original image, and ip~  is the i-th pixel in the reconstructed image. 

The first experiment has the objective to compare the distortions that both the 
FSA-EAM and LBG algorithm add to the original image. For this purpose, the 
codebook was generated using the image Lena as the training set and the results were 
obtained using different sizes of codebook. Furthermore, we applied the process VQ 
to the rest of the images that form the set of the test images in order to determine the 
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Table 2. Comparison of the proposed algorithm and the LBG algorithm for the set of images 

LBG Algorithm FSA-EAM 
Codebook size Codebook size 

64 128 256 512 64 128 256 512 

 
 
 

Images PSNR PSNR PSNR PSNR PSNR PSNR PSNR PSNR 
Lena 27.14 28.21 29.08 29.98 26.31 27.47 28.39 29.25 

Peppers 26.38 27.18 27.64 28.21 25.12 26.06 26.54 27.04 
Elaine 28.91 29.68 30.30 30.74 28.31 29.07 29.68 30.11 
Man 24.20 24.93 25.49 26.02 23.28 23.96 24.55 25.09 

Table 3. Operations and memory required by LBG and FSA-EAM to quantify a gray scale 
image of 512512×  pixels, 8 bits/pixel 

The average number of operations per pixel 
Algorithm 

Pattern 
dimension 

(n) 

Codebook 
size 
(N) 

Required 
memory 
(bytes) CMP ±  × SQRT 

128 41088 8 387 129 8.0625 
256 49280 16 771 257 16.0625 16 
512 65664 32 1539 513 32.0625 
128 41472 2 387 129 2.015625 
256 74240 4 771 257 4.015625 

LBG 

64 
512 139776 8 1539 513 8.015625 
128 37080 136 128 - - 
256 41432 272 256 - - 16 
512 50136 544 512 - - 
128 24832 130 128 - - 
256 41472 260 256 - - 

FSA-EAM 

64 
512 74752 520 512 - - 

behavior of the algorithms when the patterns that do not belong to the training set are 
used. In order to analyze the FSA-EAM performance Table 2 shows the results of this 
experiment. From Table 2, one can make the following observations: 1) the obtained 
results show that the proposed method is competitive with the LBG algorithm in the 
PSNR; 2) EAM replaced an input pattern by the index of the codeword that present 
the nearest matching, not necessarily one of the already used to built the M memory. 
This property allows to FSA-EAM quantify in an efficient form the patterns that do 
not belong to the training set.  

Now, let us compare the complexity of the LBG and FSA-EAM algorithms. For 
this purpose, we need to determine the time complexity and space complexity of the 
LBG-VQ for an image of km ×  size, which contains ( ) nkmM ×=  n-dimensional 

patterns. First, we analyze the number and type of arithmetical operations used by 
LBG-VQ. If the Euclidean distance is used as a distortion measure, then the number 
of operations that LBG-VQ needs to quantify the image is defined by: 

( ) ( )( ) ( )[ ]scomparisonNsqrtmultaddsnNM ++++ 1131  (10) 

Now we analyze the space complexity analysis of the LBG-VQ algorithm. The 
LBG-VQ needs three vectors eucli1[ ]n , eucli2[ ]n , indexes[ ]M  and one matrix LBG-

codebook [ ][ ]nN ; then, the number of memory units (mu) required for this process is: 

mu_eucli1 + mu_eucli2 + mu_indexes + mu_LBG-codebook = ( )2++ NnM  (11) 
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The LBG-VQ process uses floating point operations, only the result can be ex-
pressed by integers. Then, the total number of bytes required by the LBG-VQ is 

( )242 ++ NnM  (12) 

Table 3 summarizes computation complexities of the LBG and FSA-EAM algo-
rithms in terms of the average number of operations per pixels. This experiment was 
performed for N = 128, 256 and 512. With regard to time complexity, this Table 
shows that the proposed algorithm provides considerable improvement over the LBG 
algorithm. Table 3 also shows that the memory required by the FSA-EAM is smaller 
that the memory needed by LBG when a VQ process is performed. 

5   Conclusions 

In this paper, we have proposed the use of associative memories in a fast searching 
algorithm for VQ encoding. Experimental results show that the proposed algorithm 
demonstrated a high competitiveness in its efficiency in comparison to LBG algo-
rithm. The obtained PSNR parameters show that the encoding quality remains very 
similar with respect to the LBG algorithm. It is because the EAM is used as an pattern 
classifier. In this operation mode, the EAM replaces the input pattern by the index of 
the codeword that present the nearest matching, without taking a care that they have 
not been used in the construction of the EAM-codebook.  

The proposed algorithm is based on the morphological operations and uses only 
operations of sums and comparisons. This fact results in the significant decreasing of 
the encoding time, this way obtaining a high processing speed. Furthermore, our algo-
rithm has a low demand of resources (system memory). Due to these parameters, the 
FSA-EAM provides a considerable improvement over the LBG algorithm. 
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