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Abstract
Image Compression is performing by wavelet packet transform. 
Wavelet packet transform is a transform function. This function can 
change data one form to another without any loss of information. 
In paper, we use block code speck for zero ordering tree. The value 
of PSNR (Peak Signal to Noise Ratio) is improved by the zero 
ordering trees, but same quality of degraded. Because on the time 
of zero ordering trees, values of MSE are changed, so the occurred 
bit pixel error raises the value of MSE. Through Self-Organized 
Mapped network (SOM), we maintain zero ordering trees and 
improved the PSNR value and image compression ratio. 
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I. Introduction
Image compression is to reduce the redundancy of the image and 
to store or transmit data in an efficient form. Wavelet analysis can 
be used to divide the information of an image into approximation 
and detail sub signals. The approximation sub signal shows the 
general trend of pixel values. Three detail sub signals show 
the vertical, horizontal and diagonal details or changes in the 
image. If these details are very small then they can be set to zero 
without significantly changing the image. The value below which 
details are considered small enough to be set to zero is known 
as the threshold. The greater the number of zeros the greater the 
compression that can be achieved. The amount of information 
retained by an image after compression and decompression is 
known as the “energy retained” and this is proportional to the sum 
of the squares of the pixel values. If the energy retained is 100% 
then the compression is known as “lossless”, as the image can be 
reconstructed exactly. This occurs when the threshold value is set 
to zero, meaning that the detail has not been changed. If any values 
are changed then energy will be lost and this is known as “lossy” 
compression. Ideally, during compression the number of zeros 
and the energy retention will be as high as possible. However, as 
more zeros are obtained more energy is lost, so a balance between 
the two needs to be found.

II. Image Compression Coding
It is to store the image into bit-stream as compact as possible and 
to display the decoded image in the monitor as exact as possible. 
When the encoder receives the original image file, the image file 
will be converted into a series of binary data, which is called the 
bit-stream. The decoder then receives the encoded bit-stream and 
decodes it to form the decoded image. The full compression flow 
is as shown in Fig. 1.

Fig. 1: The Basic Flow of Image Compression Coding

The compression ratio is defined as follows:
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Where n1 is the data rate of original image and n2 is that of the 
encoded bit-stream.

III. Wavelet Transform Method
Wavelets are functions defined over a finite interval and having 
an average value of zero. Wavelet transform is to represent any 
arbitrary function f (t) as a superposition of a set of such wavelets 
or basis functions. Implementation of the wavelet transforms 
has been derived based on the Fourier transform and continuous 
transform to reduce the computational complexity per computed 
coefficient.

The continuous wavelet transform turns a signal f (t) into a function 
with two variables (scale and time), which one can call c (a,b) :
c(a, b) = ∫ f (t)ψ(at + b)dt

IV. Wavelet Packet Transform
Wavelet packet transforms are obviously more general than the 
wavelet transform, they also offer a rich library of bases from 
which the best one can be chosen for a fixed signal with a fixed 
cost function [4].

Fig. 2: Example of Spatial Coefficient Trees Corresponding to 
Different Wavelet Packet Transforms. (a) Wavelet Transforms. 
(b) An Arbitrary Wavelet Packet Transforms. (c) Full Subband 
Transforms. Arrows Identify the Parent-Child Dependencies

V. Space Frequency Quantization
There are two quantization modes in SFQ: zero tree quantization 
with respect to spatial groupings of coefficients in tree-structures 
scalar quantization with respect to frequency groupings of 
coefficients in sub bands. A spatial coefficient tree is defined as 
the set of wavelet coefficients from all bands that correspond to the 
same spatial location of the image. Parent-child relationships can 
be identified on the spatial coefficient tree. Zero tree quantization 
assigns all descendants of a parent node in the spatial coefficient 
tree either to their original values or all zeros. The goal of SFQ is 
to jointly optimize its two quantization modes, i.e., to search for 
the optimal balance between choosing a large subset of coefficients 
to be scalar quantized with low precision and a small subset of 
coefficients to be scalar quantized with high precision [4].
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Fig. 3: Block Diagram of the Wavelet Packet SFQ Coder

VI. Set Partitioning In Hierarchical Trees (SPIHT)
SPIHT is the wavelet based image compression method. It provides 
the Highest Image Quality, Progressive image transmission, fully 
embedded coded file, Simple quantization algorithm, fast coding/
decoding, completely adaptive, Lossless compression, exact bit 
rate coding and Error protection. SPIHT makes use of three lists 
- the List of Significant Pixels (LSP), List of Insignificant Pixels 
(LIP) and List of Insignificant Sets (LIS). These are coefficient 
location lists that contain their coordinates. After the initialization, 
the algorithm takes two stages for each level of threshold - the 
sorting pass (in which lists are organized) and the refinement pass 
(which does the actual progressive coding transmission). The 
result is in the form of a bit stream. It is capable of recovering 
the image perfectly (every single bit of it) by coding all bits of 
the transform.

VII. Zero Tree Coding
Every wavelet coefficient at a given scale can be related to a set of 
coefficients at the next finer scale of similar orientation Zerotree 
root (ZTR) is a low scale “zero-valued” coefficient for which 
all the related higher-scale coefficients are also “zero-valued” 
Specifying a ZTR allows the decoder to “track down” and zero 
out all the related higher-scale coefficients.

      
Fig. 4: Examples of Different Decomposition Structures

VIII. Set Partitiontion Embedded Block
In the SPECK algorithm, the quadtree is formed by Successive 
recursive splitting of a subband block (parent) into four quadrants 
(children). The coding process consists of a sorting pass and a 
refinement pass. The sorting pass includes two steps, first, if set S 
is significant, it will be partitioned into four small child sets, each 
of these four child sets is further tested and partitioned until all 
the significant coefficients are found. Second, if I is significant, 
it will divided into four sets (three identical S sets and one I set) 
of course, the new I will also be tested and divided till I is empty 
In the refinement pass, the significant coefficients found in the 

sorting pass are transmitted to decoder according to the bit-plane 
transmission[20]. 

Fig. 5: Quardtree Partition

Fig. 6: I Partition

On the whole, the SPECK algorithm makes full use of the 
characteristics of wavelet coefficients involving the energy 
clustering and the energy attenuation along with the increase of 
scalability.

IX. Proposed Approach: WP-SPECK SOM
The proposed method based on zero tree encoding and wavelet 
SPACK based on Self-Organized Map network (SOM). SOM 
network well knows method for data compression on the basis 
of distance difference and self-learning process. Initially, the 
proposed algorithm consists of a single SOM of 2x2 neurons. 
After the training process of a map has ended, this map can grow 
by adding neurons until is reached a certain level of detail in the 
representation of the data mapped onto the SOM. After growing, 
each neuron of the map can be expanded in a new map in the 
next layer of the hierarchy in order to provide a more detailed 
representation of the data mapped onto that SOM.
Summary:

Once the training has finished, the resulting architecture 1. 
reflects the inherent structure of the input patterns, improving 
the representation achieved with a single SOM.
Therefore, each neuron represents a data cluster, where data 2. 
belonging to one cluster are more similar than data belonging 
to different clusters. The different cluster data is processed 
in speck code for generation of code words for generation 
of packet.
Each node’s weights are initialized.• 
A vector is chosen at random from the set of training data.• 
Every node is examined to calculate which one’s weights are • 
most like the input vector. The winning node is commonly 
known as the Best Matching Unit (BMU).
Then the neighbourhood of the BMU is calculated.   • 

The amount of neighbours decreases over time.
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The  winning  weight  is  rewarded  with  becoming more  • 
like  the  sample  vector.  The  neighbours  also become  more  
like  the  sample  vector.  The closer a node is to the BMU, 
the more its weights get altered and the farther away the 
neighbour is from the BMU, the less it learns.   
Repeat step 2 for N iterations.• 

X. Experimental Results
The evaluation of the proposed approach in image compression was 
performed using MATLAB 7.8 and the following measures-

These three factors will decide about the image noise ratio, • 
retrieval quality and ratio of compression for the image. 
The PSNR is most familiarly used as a measure of quality of • 
reconstruction of lossless image compression.
The  MSE  (Mean  Square  Error)  is  the  cumulative squared  • 
error  between  the  compressed  and  the original  image,  
whereas  PSNR  is  a  measure  of  the peak error.

Table 1: PSNR (dB) Results for WPT Coded Images

Table 2: PSNR (dB) Results for WP-SPECK Coded Images

Table 3: PSNR (dB) Results for WP-SPECK SOM Coded 
Images

Table 3: PSNR (dB) results for WP-SPECK SOM coded 
images

Fig. 7: Between PSNR and Different Images

Fig. 8: Between Compression Rate (Bit Per Pixel) and Images

Fig. 9: Between Compression Ratio and Images

XI. Conclusions and Future work
Digital image compression method is presented where integration 
of the wavelet theories and self-organized map network is 
employed. Decomposition and reconstruction of digital images 
are conducted at different levels individually on a basis of both 
discrete wavelet transform and wavelet speck.
A lossy compression scheme for SPECK SOM is proposed. It is 
a preliminary attempt to apply wavelet transforms to gray image. 
Results indicate wavelet speck transforms can decorrelate gray 
data efficiently. Simple coefficients shuffling makes data to satisfy 
zerotree features. Classical encoding algorithm speck in wavelet 
field is used to generate embedded data flow. Wavelet, a new thing 
developed from scalar wavelet has good characteristics.
We implemented a new image coding scheme called WP-SPECK 
which was based on the WP Transform and the SPECK algorithm. 
The computational complexity of WP-SPECK is lower than 
SPIHT-based codec in WP, while the performance of both PSNR 
and visual quality are better. Compared with SPECK, the WP-
SPECK provides better PSNR in images of rich textures and 
higher visual quality in the region of texture area. One way to 
improve those results would be to design the adaptable size of 
coded blocks based on SOM network according to the levels 
of WP decomposition, instead of using each entire sub bands 
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decomposed by dyadic wavelet as the coded blocks. 
In future, we used SOM network for adaptive block coding. 
But SOM network is iterative process the computational time 
of method is increase and also some visual effect of image is 
degraded. Now in future we minimized computational time and 
improve the visual quality of compressed image.
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