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ABSTRACT

This paper present image coding which is gained many researchers attention in order to improve the quality of
image after the compression process. Since this is expended most computing resources and research which is related not
only to search for a mathematical transformation, but also to study the characteristics of visual perception of the image
features and fail-safe transmission of images via communication channels. There are many methods of image coding with
neural networks of 2D SOFM kohonen map have been suggested and investigated. The coding schemes are proposed
methods vector quantization as the original image, and the spatial frequency image component derived from the adaptive to
the contours of the two-dimensional analysis and synthesis. The calculation of the computational cost in compression based
on Kohonen maps. The methods are characterized by a high level of adaptation due to the introduction of educational stage
that provides for the increase of multiplication ratio and high quality of image restarting after coding. The modified method
of image multiplexing based on characteristic feature of the given method is vector digitizing of image components. This
paper considers the coding problem of photo realistic images, presented in a digital form. The characteristic feature of the
method is the application of pair exchange, this increases processing speed and sorting of data arrays. However the result
of proposed method is shown the image quality after compression processor. Using this approach the differences or lost
pixels between the image after and before compression processer are considered. The propose method may useful for
image representation and image coding researcher and such related field.

Keywords: image, compression, VQ vector quantization, multiplexing, neural networks, kohonen map, self-organization feature map

(SOFM).

INTRODUCTION

There are many image file format standard has
been introduced. Such format uses in order to save the
storage and transmission via internet. The benefit can be to
gain small size of image by using image compression
technique. This technique can compressed the image to
smaller size with keeping the image originality as itself.
However, coefficients of image compression, which were
obtained, are not sufficient as compared with necessary
volumes of data transmission. Hence, the increase of the
image compression ratio which saved high quality is the
main direction of research performed of image coding.
One of the approaches providing the increase of image
compression coefficient, which is given guarantees of high
quality of application based on artificial neural network.
However, in scientific literature, there is too various
approaches which are considered and using neural
networks for image compression. Mishra and Zaheeruddin
(2010) proposed mutual subset hood based Fuzzy Neural
Network for image compression; the inputs to the network
are the preprocessed data of original image, while the
outputs are reconstructed image data, which are close to
the inputs [1], Hebbian required a large training set in
order to get accurate result [2], Jilani and Abdul Sattar
(2010) proposed fuzzy optimization design method based
on neural networks [3]. After all special attention is paid to
approaches based on principles of vector quantization of
images, since this provides high compression ratio and
ensures high quality of restored image [4]. The fraction
method provide roughly of same compression ratios and
reduced quality of image [5, 6, 7], While Kohonen Map

not required to organize neural network due to such these
methods are performed self-organization at initial process
of learning, it’s called Self-organization feature map
(SOFM) [8], using kohonen map, image compression are
perfect networks to solve this problem, network in the
form as 2D Kohonen map. Kohonen map has two
important features used for image compression and
applying methods of vector quantization. First, this map is
very similar to other methods of vector quantization to
apply image compression with image lossy of images.
Second, near clusters of input vector are corresponded by
closely located neurons. This improves the efficiency
without losses and is used at the next stage of coding. In
this paper the method of image coding with neural
networks of 2D Kohonen map type have been proposed
and investigated.

The rest of this paper organize as flow: Section2,
present the related works, section 3 methodology, section
4 gives the evaluation, the conclusion of this paper
describe in section 5.

RELATED WORK

This section present to two approaches is: back-
propagation neural network and fractal image. Back-
propagation neural network, actually the image is divided
into non-overlapping sub-images. For instance, the image
will be split into 4 x 4 or 8 x 8 or 16 x 16 pixels. Gaidhane
et al. (2010) used feed forward back propagation neural
network method with PCA technique for image
compression [9], Paliwal, Mukta. (2009) used back-
propagation neural network with multilayer perceptron’s
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[10], Panda, S. S., Prasad, (2012) the compression process
using back-propagation required more time due to the
need to differentiate and match pixel space between the
images in gray scale [11]. On other hand, affine
redundancy, which is based fractal image compression
techniques. There are sets of affine coefficients describing
the rotation, compression, expansion, distortion of the
image objects. Mathematically proved that fractal version
of the original image can always been recovered with its
affine factors [5, 6], Nappi, M.; Riccio, D. 2006 fractal-
based on algorithms which are strongly asymmetric and
there is many different solutions have proposed such this
problem [7], The highest compression coefficients
provides a method of fractal image compression, opened
in 1988. The process has based on fractal compression
assertion that real-world images are affinely redundancy
[12, 13]. Odds compression may reach 50-60 times. The
main drawback to this method is much computational
complexity. However, given the high degree of
compression, as well as huge progress in increasing the
productivity of microprocessors and other hardware
should been expected of the widest application of this
method in the coming years.

THE PROPOSED SYSTEMS ARCHITECTURE

In this section, present four main phases to build
the propose system namely: description of Kohonen Map,
the methods and system architecture of self-organization
feature map.

Phase 1: Kohonen map

Scientist T. Kohonen, namely, self-network in the
form of two-dimensional maps Kohonen [17, 18].

Figure-1 shows the scheme of the Kohonen Map
neural network. The first layer is called an input layer
which is used to enter the inputs data. The second layer is
called kohonen layer where is each neuron connected to
the input layer, each neuron of the Kohonen layer has a

weight connection W;; . The Figure-1 shows. Kohonen

neural network learning algorithm which is called self-
organization feature map (SOFM) is a neural network
without training, the SOFM algorithm is to minimize the
difference between the given input signals neuron and
given weights neuron.

SOFM has two important features, which are
used in image compression based on vector quantization
techniques. First, it is very similar to other methods of
vector quantization, which apply for lossy image
compression, and the second, is a family clusters of input
vectors which is correspond closely located neurons and
then increases the efficiency of compression without loss,
which applies to the next stage of coding, the Kohonen
map size is determined by the minimum number of digits
that represents pixel and provides sufficient image quality,
SOFM has a number of input elements, which is
responsible dimension of input vectors and set output
elements, which serve as prototypes. The basic network
architecture SOFM shown in Figure-1.

Figure-1. The basic network architecture.

Kohonen Map based on vector quantization
methods [4]. The idea of vector quantization is very
simple, the image is divided into square blocks, for
example, 2 x 2, 4 x 4, 8 x 8. Each block is considered as
the vector in 4, 16 or 64 space. A limited number of
vectors are chosen from this space, they create a code
block to approximate vectors which have the smallest
distance from the vectors, being excluded from the input
image and code book itself, and are written in
communication channel or file. Since, the quantity of
vectors in the codebook is smaller than the total quantity
of vectors in the input image, and then the numbers of
vectors are less than the initial bit.

To choose the optimum options, for solve the
basic problem is comparing two approaches which provide
same compression ratios approximately and the quality of
the reconstructed image: Fractal image compression,
Compression using Kohonen maps.

Compare two approaches of computational cost,
which is required for implementation, to perform the
fractal compression, its need a number of multiplications
and divisions:

L, =8(4n*""(n*"' =3)+9n?)*n*? (1)

Where n - ranking block size and dimensions of the image
sides equal N=M= n* ,L,- number of arithmetic

operations needed for fractural compression.

At the expense of this it’s obtain the compression.
The multiplying the number of operations as shown on
formula (1) needed to carry out the compression m x m
with the size and amount of the fragment images, which
can be vector quantization n X n under the same size
image, for one fragment with two passages it needs to
multiply the number of operations:

m?*n**2 2)

Since the total number of fragments in the image
2k-2
sizen x nisM , multiplying the number of operations

as in mathematical formula:

L, =2*n*"*m? ©)
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Where m - size of Kohonen map, L, - number of

arithmetic operations needed for suggested compression
method which have taken the attribute:

L, /L,

compression methods. There are several necessary
operations such as multiplication and division. These
operations are formulated in the following mathematic
formula:

In order to accomplish such a fractal

L, /L, =n*" )

It follows that performance of image compression
of applying Kohonen map requires for less operation of

multiplication  and  distribution, The mentioned
mathematical formula (3) used to perform image
compression requires far few operations such as

multiplication and division. Consolidated data obtained in
Table-1 shows that the application Kohonen Map has
advantages for the majority of parameters in comparison
with the method of fractal. Therefore, the Kohonen
method is used in this study due to keep the quality of
image in high ration of compression [18]. In addition, the
propose method can use to minimize the number of
arithmetic operations. By this way the time consuming of
compression will be reduced.

Table-1. The comparative characteristics of fractal image compression method and the

method of Map Kohonen
Corr_1p- Image Compr_essmn Arithmetic Scaling Research
ression Quality Ratio/ Operations Images Work
Coefficient P Possibility
Fractal . . More carry
method High High out in 22 Yes [5,6,12]
Kohonen . . Less carry
Map High High out in n2! No [15-18]

PHASE 2: ARITHMETIC CODING

The basic principles of arithmetic coding have
been developed in the end of 70 years [13]. Arithmetic
coding, as well as probabilistic methods, uses compression
technology as the basis for probability of a symbol in the
file, but the arithmetic coding process is fundamentally
different. The arithmetic coding sequence of the character
(line) is replaced by actual number greater than zero and
less than one. The process of arithmetic coding message is
that every character assigned interval probability (range),
the length calculated on the basis of the probability of
occurrence in the message. The first letter word gets the
interval from lower bound interval- p', and from the top- "
lower boundary becomes the first significant digit code.
Then calculates the boundaries of each sub-interval for the
next letter of such expressions:

B =B +(Bny —Bhi )P
Bn=PBny+(Bhi—Bni )Py (5)

Where ', B" - are lower and upper boundaries of
code interval P'andP"- lower and upper boundaries of
probability interval for the character, Arithmetic coding
ensures a high ratio of data compression, especially in
cases, where the frequency of occurrence of different
characters is very different from one to another. At the
same time, the procedure arithmetic coding requires a
powerful computing resources, and recently, the method
doesn’t used for images coding due to slow operation of
the algorithm and the large delay for data transmission.
Although, should expect high compression ratio when

applied to the images coding, this paper uses 2D Kohonen
maps to code of photo realistic images with losses. The
method of image compression based of vector quantization
using neural networks of 2D Kohonen map type.

PHASE 3: REQUIREMENT TO DEVELOP THE
ALGORITHM

There are few questions required for algorithm of
Kohonen Map:

0 What is the size of Kohonen maps to choose?

0 What is the dimension of the input vector?

O What is a bit of coefficients weight of Kohonen
maps?

A bit of coefficients weights are selected
according to the bit input data. Because the images are
usually presented in the format of 8x8x8, a composite
RGB color represents as one byte, and then chooses the bit
of coefficients weights as 8 bits.

Dimension of input vectors are selected and
based on the correlation of input data. It’s known that the
greatest correlation is characterized neighboring samples
images, which may have similar values. Therefore, the
image is divided into adjacent squares size 2 x 2, each of
these is seen as a vector in 4 - dimensional space.

The size of Kohonen Maps is determined by the
minimum number of bits, which pixel is represented and
provided sufficient image quality. Based on scientific
literatures, where is known that less than 2 bits per pixel at
any transformations to achieve a problem for given the
high requirements for images quality [26], Moreover, to
increasing the size of map, it’s leading to significant loss
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of network training performance. The speed of learning is
proportional to the square of the size of a Map, that is:

T, =kN’ (6)

Where N - the size of Kohonen Map, k -
coefficient of proportionality, depends on the specific
implementation.

As given above, the maximum size of Kohonan
Map which satisfied these contradicting requirements is 16
x 16. Because the size of input bits equal 4, then the Map
by vector quantization provided the following number of
bits per pixel.

M =log, N*/n=8/4=2bit/ px (7

N - size of the fragment of initial image, selected for
vector quantization,
k=log, N, N =M - dimensions of initial image.

Based on above which is acceptable for
performance and the quality of reconstructed image is
provided.

Vector Quantization using Kohonen maps
achieved by two stages of initial image:

= The first stage - learning network;
= The second stage - vector quantization.

Moreover, training vectors are all fragments of
images with the size 2x2. Thus, encryption algorithm will
be:

= Learning network

Step1: Initialize weight coefficients of neurons by
random values.

Step2: Select the first fragment 2x2 from the
image

Step3: Represent it in the form of learning vector.

Step4: For each cluster element of the map are
computed the distance through learning vector:

3
dj =2 (W —x;)’ ®)
i=0

Find cluster element j for whichd is min?

StepS: For given cluster element are updated
weighing coefficients according to the formula:

Wy (0 +1) = w (1) +7 ()X, — vy ()] ©)

Where 11 - norm of learning, X, - coordinate of learning

vector.
Step6: Update norm learning and select the next
fragment from the image of 2x2 and repeat steps 3 - 6 for

the following learning vectors until all the fragments are
selected.

= Vector Quantization

Step7: Select the first fragment 2x2 from image.

Step8: Submit it to the form of learning vectors.

Step9: For each cluster element of the map, compute the
distance to learning vector.

3
d; =D (w; —x;)* (10)
i=0

Step10: Save the number of cluster element with
minimal d; into output file.

Stepl1: Select from the image the next fragment
2x2 and repeat steps 8 - 11 until all the fragments are
selected.

Step12: Save the values of coefficients W into output file

- the total number is 1024 bytes.

Step13: Save the size of initial file into output file

Step14: Compress received file using the method
of arithmetic coding.

Decoding is performed much faster and includes
the following steps:
Stepl: Decoding the compressed file using arithmetic
method.

Step2: Read from the input file and write values
of cluster elements to the corresponding arrays, the
coefﬁcientsWij and the size of the initial image.

Step3: Choose the number of cluster element
from an array for a first fragment of 2x2.
Step4: The coefficients W; of the cluster element

(4 coefficients) are written into the initial image as the
value of the corresponding fragment of 2x2 elements.

Step5: Select the next number of cluster element
and repeat steps 4-5 until it will not be restored all
fragment of the image.

PHASE 4: COMPONENTS CODING

A further increases of computational expenditures
can be achieved applying vector quantization of high -
frequency image components since their frequency
distribution is characterized by the peak, located close to
zero, allowing to reduce the size of the network and
computational expenditures needed for the learning of the
network. This idea considers the application of Kohonen
map in combination with 2D analysis adaptive to contours
and synthesis (by - component coding).

To obtain the necessary accuracy of analysis and
synthesis of the image the application of symmetric filters
is suggested, since the sphere of provision of such filters
corresponds to non-casual model, and images as it is
known, by their nature, are non-casual. Coding process
comprises the following steps:
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Stepl: Transformation of the image in optimal
coloring space (only for color images).

Step2: Sub digitalization of color components by
means of averaging of pixel groups (only for color
images).

Step3: Formation of 2D low - frequencies
components of the image (components of brightness/ color
can be processed separately) with limiting frequencies.

W
fgm Zﬂ—Yg,Y‘t,Yz (11)

(W-Width of frequency band of image signal, m =3, 2, 1).
Order of filters - N - 15, 7, 3. Amplitude -
frequency characteristic of filters are: formula (12):

. krx
1 k:Nsm(?)
Hm(jw)zz—m+2zTcos(kWTa) (12)
k=1

Step4: Samples Form of image difference components:
AY, =AY, — AY,;

AY, =AY, —AY,; (13)
AY, = AY, — AY,;

WhereY,,Y,,Y,,— low-frequency components of the

image; Y, — initial image.

Wectar )
Quentiztion 3 Arithmetic coder  =—=3»

==} Image Vectorization

e

4

Code Book

Figure-2. The total coding scheme.

StepS: Discretization and quantization component
Y8 components and difference components using 2D
Kohonen map.

Step6: Coding samples of high-frequency and

JAYLLAY,,

lo AYy frequency, image components using

methods of statistical coding (for instance, Huffman
coding, arithmetic coding, etc.).

EXPERIMENTAL RESULTS

The Teaching vectors are all the fragments of
initial or differential image, that have the size 2x2 the
results of investigations showed that vector quantization of
a high - frequency component of the image, provides
rather high characteristics as compared with direct
quantization of initial image. Where the Kohonen map
16x16 is used, dimensions of a Kohonen map can be
reduced to 8x8 that enables to increase the speed of the
neural network teaching several times. Authors and
Affiliations.

Figure-4. Images after coding compression ratio - 14, 8.

Figure-3. As shown below is a source image,
Figure-4 shows the results obtained in this division of
frequency values of pixels brightness for initial image
LANA.BMP and its high frequency component.
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Table-2. Experimental data on file LENA.BMP for vector quantization of the original image.

Size of Size of comp- Comp-ression Average of
Compression Initial file, comp p-r g
byte ressed file, byte ratio square error
JPEG 192 054 13106 14,7 0,019

Map Kohonen

(16x16) 192054 11740 16,4 0, 02
Map Kohonen

(14x14) 192 054 10979 17,5 0,023
Map Kohonen 192054 9245 20, 8 0,026

(11x11)

Map Kohonen (8x8) 192054 6954 27,6 0,03

The analysis of these results shows that the vector
quantization of high frequency of image components are
provide a sufficiently high performance. By comparison
with direct quantization of the source image, which uses
the size Kohonen map 16x16, as seen from the Table-2,
the size of Kohonen maps can be reduced to 8x8, which in
turn will increase the speed of network training several
times.

CONCLUSIONS

The research paper has proposed an image
compression approach based on neural networks of 2D
Kohonen map, the method is characterized high degree of
adaptation due to introduction of additional stage of
teaching that provides increase of compression coefficient
and high quality of image, restored after coding. The
results obtained in the paper allows to solve important
scientific problem - increase of coefficient of compression
of images, presented in digital form due to application of
neural network of 2D Kohonen map type. Truth of the
results obtain is provided by the correctness and accuracy
of the task, mathematical conversions, based on main
principles of the theory of digital processing of signals,
theory of functions of neural logic and by the results of
experimental research and computer simulation. The result
of the research can be used both for further research of
image compression based on neural networks, and for
creation of industrial programming and technical means of
image compression, since existing coefficients of image
compression are 10 - 30 for greater part of images and
even exceed such well - known standard of image
compression as jpeg.

REFERENCES

[1] Mishra A. and Zaheeruddin Z. 2010. Design of Hybrid
Fuzzy Neural Network for Function Approximation.
Journal of Intelligent Learning Systems and
Applications. 2(2): 97-109. Gu, Ming Ming, and Qi
Jing. Compressed.

[2] Sensing with Generalized Hebbian Algorithm in
Video Frame Prediction. Applied Mechanics and
Materials. 397(2013): 2167-2170.

[3] Jilani S. A. K. and Sattar S. A. 2010. JPEG Image
Compression Using FPGA with Artificial Neural
Networks. TACSIT International Journal of
Engineering and Technology. 2(3): 252-257.

[4] Nasrabadi Nasser M. and Yushu Feng. 1988. Vector
quantization of images based upon the Kohonen self-
organizing feature maps. Neural Networks. IEEE
International Conference on. IEEE.

[5] Fisher Y. 1995. Fractal image compression with
quadtrees (pp. 55-77). Springer New York.

[6] AH N. K. S. 2008. A survey on fractal image
compression key issues. Information Technology
Journal. 7(8): 1085-1095.

[7] Distasi R., Nappi M. and Riccio D. 2006. A
range/domain approximation error-based approach for
fractal image compression. Image Processing, IEEE
Transactions on. 15(1): 89-97.

[8] Kuo R. J., Ho L. M. and Hu C. M. 2002. Integration
of self-organizing feature map and< i> K</i>-means
algorithm for market segmentation. Computers and
Operations Research. 29(11): 1475-1493.

[9] Gaidhane V., Singh V. and Kumar M. 2010, October.
Image compression using PCA and improved
technique with MLP neural network. In Advances in
Recent Technologies in Communication and
Computing (ARTCom), 2010 International
Conference on (pp. 106-110). IEEE.

[10]Paliwal M. and Kumar U. A. 2009. Neural networks
and statistical techniques: A review of applications.
Expert Systems with Applications. 36(1): 2-17.

[11]Panda S. S., Prasad M. S. R. S., Prasad M. N. M. and
Naidu C. S. 2012. Image compression using back
propagation neural network. International journal of
engineering science and advance technology. 2, 74-78.

[12]Falconer K. 2013. Fractals: A Very Short
Introduction. Oxford University Press.

1474



VOL. 9, NO. 9, SEPTEMBER 2014

ARPN Journal of Engineering and Applied Sciences

©2006-2014 Asian Research Publishing Network (ARPN). All rights reserved.

www.arpnjournals.com

[13]Zhao Y., Yuan B. 1988. A new affine transformation:
its theory and application to image coding. IEEE
Transactions on Circuits and Systems for Video
Technology. 8(3).

[14]Costa Saverio and Simone Fiori. 2001. Image
compression using principal component neural
networks. Image and Vision Computing 19.9: 649-
668.

[15] Amerijckx C., Verleysen M., Thissen P. and Legat J.
D. 1998. Image compression by self-organized
Kohonen map. Neural Networks, IEEE Transactions
on. 9(3): 503-507.

[16]Kohonen T. 1995. Self-Organizing Maps, Springer,
Berlin, Heidelberg.

[17]Kohonen T. 1990. The self-organizing map.
Proceedings of the IEEE. 78(9): 1464-1480.

[18] Amerijckx  Christophe, et al. 1998. Image
compression by self-organized Kohonen map. Neural
Networks, IEEE Transactions on. 9.3: 503-507.

ISSN 1819-6608

i@

1475



