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Abstract 

The compression is a vital field in image processing which 

reduces the bandwidth during data transfer in multimedia 

communications. In this paper, we propose Image 

Compression using Self Organizing Map (SOM) and Discrete 

Wavelet Transform (DWT) with Error Correction. The input 

image is considered from standard database and modified to 

4x4 blocks and rearranged as 16x4096 input vectors and 

applied to the input layer of SOM. The SOM produces index 

and weight vectors where index vectors are repeated values of 

the class and weight vectors are the trained values. The Index 

vectors are then compressed to obtain index bits using 

arithmetic encoder and the weight vectors are applied to DWT 

to obtain first level compression of LL band weight vectors 

and further encoded using quantizer and arithmetic encoder to 

obtain second level of compressed weight bits. The Error 

Matrix is obtained and is further Quantized and arithmetic 

encoded to obtain compressed Error bits. The compressed 

weight and index bits along with compressed error bits are 

transferred over the channel. Finally, the original image is 

reconstructed at the receiver using decompression algorithm. 

The performance of the algorithm is tested with standard set of 

images and compared with existing techniques to validate the 

results. It is observed that the proposed method is better 

compared to existing techniques in terms of PSNR. 

Keywords: Image Compression; Self Organizing Map; 

Discrete Wavelet Transform; Error Correction; 

 

INTRODUCTION  

Data compression technique plays vital role in digital camera, 
audio players, video recorder, satellite TV using MPEG-2, 
MPEG-4 or H.264/AVC compression [1] etc. Now-a-days 
there is a need to store and transmit images and without 
compression these images require huge amount of storage 
space as well as more time for its transmission. The image 
compression techniques intend to minimize the storage 
required for still images by having satisfied with the visual 
quality. The distinguishing feature of the image is that 
neighboring pixels are highly correlated and contain spatial 
redundancy [2]. The other type of redundancy called 
psychovisual redundancy exists due to perception, i.e., eye 
responds quickly to gradual changes of image intensities than 

for the fast changes of intensities [3] and this act as bane factor 
to the compression which is achieved by eliminating the 
redundancy. More the compression, then there will be more 
loss of data which leads to poor quality of the image. Thus, 
there is a trade-off between the compression and the quality. 
Image compression can be either lossless image compression 
or lossy image compression. Based on the required quality of 
the decompressed image, the method of compression will be 
used. The applications where some quality may not be 
objectionable, lossy image compression technique is selected, 
where the amount of quality loss is very less which may not 
even be visible to our eyes due to perception and for high 
accuracy with quality lossless compression is used.  The health 
industry needs to store large number of medical images and 
documents regularly where images need to be compressed to 
save storage space or to send to multiple physicians for 
examination. Image compression also helps to increase the 
efficiency of recording, processing and storage for the security 
industry. In a library scenario, students and enthusiasts from 
around the world can view and enjoy a multitude of 
documents and texts without having to incur traveling or 
lodging costs to do so [4].  

In the following section few image compression techniques 
are discussed which are proposed by research scholars. 
Dmitriy Novikov, et al., [5] proposed a method Local-
Adaptive Blocks-based Predictor for Lossless Image 
Compression. The method mainly focuses on the prediction of 
pixels, it uses at least twelve pixels for prediction and the 
prediction is based on the correlation of pixels. The main 
intention the proposed method is to improve the compression 
ratio and complexity. Experiments are performed and 
concluded that the proposed method is better compared to the 
existing improves the compression ratio without the loss of 
any information. Avinash Kadimisetty et al., [6] introduced a 
method based on the lossy image compression employing 
efficient Clustering. In this method the image is first divided 
into three planes, then the each image plane is divided into the 
number of blocks and for each block the k-mean clustering is 
employed. The compression ratio is improved at the cost of 
image quality and this method can be extended by using other 
clustering methods to improve the quality of an image. 

The image compression techniques using Contourlet 
Transform with Compressed Sensing, Discrete Wavelet 
Transform, 2D Lossless Integer Wavelet Transform (IWT), 2D 
Lossless Hadamard Transform (LHT) and Wavelet Image 
Two-Line Coder are discussed in Literature [7-10].  Chang 
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Sun and En-Hui Yang [11] proposed non-predictive image 
compression system, by redesigning hard-decision 
quantization, soft-decision quantization and entropy coding, 
using Laplacian Transparent Composite Model (LPTCM). The 
system requires twice scanning of an image to perform block-
by-block DCT which determines required Transparent 
Composite Quantizer (TCQ) and to perform actual 
quantization and lossless coding. In TCQ inliers are quantized 
with constrained dead-zone quantizer, whereas outliers are 
quantized using uniform quantizer. Distortion in outliers is 
avoided by choosing smaller step size for uniform quantizer as 
compared to constrained dead-zone quantizer. It gives better 
modeling accuracy along with recognizing outlier coefficients. 
It is tested for standard images, which resulted in 4.3dB more 
PSNR as compared to baseline JPEG. With decreased 
computational complexity, system gives additional 0.4dB as 
compared with H.264 intra-coding. 

Saleh Ali Alshehri [12] proposed a Neural Network (NN) 
method which is used only at the decompression stage. The 
image is bit sliced to get eight binary matrices. Image 
Compression is achieved by saving these matrices in reduced 
form which is a lossy image compression. The removed values 
were predicted through NN using the reduced matrices at the 
decompression stage. With negligible convergence time, it 
achieved up to 81% compression ratio and PSNR of 27.3dB 
after eliminating two least significant matrices. Sujitha Juliet 
et al. [13] used Ripplet Transform for medical image 
compression to represent singularities along arbitrarily shaped 
curves and Set Partitioning in Hierarchical Trees (SPIHT) 
encoder to encode the significant coefficients. The Ripplet 
Transform will produce better results for curves in images at 
different scales and different directions compared to Wavelet 
Transform and also this intersects with curves in images and 
results in high magnitude coefficient which decay rapidly 
along the direction of singularity. It exhibits higher energy 
concentration capability and produce good representation of 
edges in images. It is implemented using MATLAB software 
and resulted in higher PSNR with high directionality as 
compared to existing methods. It has slightly higher 
computational complexity as compared to Haar Wavelet, 
DCT, JPEG and Contourlet transform. 

Seddeq E. Ghrare and Ahmed R. Khobaiz [14] proposed 
hybrid compression based on Block Truncation Coding (BTC) 
and Walsh-Hadamard Transform (WHT) for image 
compression. The Block Truncation Coding is a spatial coding 
which divides image into sub-blocks of size 4x4 pixels and 
reduce the number of grey levels of each block by a quantizer 
that adapts to the local image statistics. The Walsh-Hadamard 
is a transform coding whose basis function are based on square 
or rectangular waves with peaks of +1 or -1, which makes 
computations simple. Simulation is performed using 
MATLAB and results for an image of size 256x256 pixels 
with a resolution of 8 bits per pixel, achieved high 
compression ratio of about 87% with a little degradation in 
PSNR as compared to BTC method and WHT method 
separately. 

Jeronimo Mora Pascual et al. [15] proposed JPEG standard 
method for encoding still images which permits the 
compression/decompression time cost. The image quality can 
be adjusted to the needs of each application and to the 
bandwidth conditions of the network. The adjustment methods 
are based on the execution times predictability of the 

algorithm’s modules by applying the design principles of 
imprecise computation that allow partial execution. 
Characteristics associated with time control parameter are 
number of DCT coefficients, number of sub images created 
and length of the fractional part of the operands. It affects the 
compression rate and quality of the output. However in human 
interface applications, loss of objective quality cannot be 
perceived subjectively by human eye. Wei Hu et al. [16] 
proposed a Multi-Resolution (MR), Graph Fourier Transform 
(GFT) coding method to compress Piecewise Smooth (PWS) 
images. The cost minimization is done through the use of 
adaptive GFT to each block, considering sparsity of signals 
transform coefficients and the compactness of transform. The 
optimal GFT is chosen from the space, based on graph 
optimization technique such as spectral clustering and 
minimum graph cuts. Further, to reduce the computational 
complexity, the high-resolution block is low-pass filtered and 
down-sampled to achieve MR and instead of real-time Eigen 
decomposition. The experimental results show that on an 
average it gives 6.8dB more PSNR as compared to H.264 at 
the same bit rate.  
 

Ming-Sheng Wu [17] proposed fractal image compression 
technique based on Genetic Algorithm (GA) and Discrete 
Wavelet Transform (DWT). The two wavelet coefficients are 
used to find fittest Dihedral block of the domain block. The 
similar match is done only with the fittest block to save seven 
eighths redundant mean square error (MSE) computations. 
The embedding of DWT in to GA will help in improving the  
speed and maintain good retrieved quality. The Peak signal to 
noise ratio (PSNR) is reduced by 1.13dB as compared to full 
search. However encoding speed is 100 time faster than full 
search. Jiazhong Chen et al. [18] proposed a Symmetric-Anti 
symmetric (SA) multi-wavelet lifting factorization of matrix 
filter banks. A Pre-filter Absorbed (PA) multi-wavelet lifting 
factorization is also proposed to reduce the redundant 
computations in pre-filtering. The Lifting steps are used to 
perform signal decomposition and factoring a traditional 
wavelet filter which helps in reducing the computational 
complexity of the respective discrete wavelet transform up to 
50%. The experimental results prove that the technique of Lift 
scheme will achieve lower computational complexity and 
memory bandwidth requirement while preserving high quality 
of image coding.  

Rongchang Zhao and Yide Ma [19] proposed an efficient 
irregular segmented image compression method based on 
Spiking Cortic Model (SCM). The segmentation is obtained 
based on the output pulse image of SCM and the region 
connection method. It produces clear regions and smooth 
contours and these regions were coded using Shape Adaptive 
Discrete Cosine Transform (SA-DCT) which is a hybrid 
method based on Discrete Cosine Transform (DCT) and 
polynomial approximation. The parameters of the SCM will 
help to control number of regions and contours, which may be 
a choice for compression ratio and experimental results show 
higher performance in terms of Peak Signal-to-Noise ratio 
(PSNR), Compression Ratio (CR) and encoding time as 
compared to other compression techniques. 

R. Gupta et al. [20] proposed an adaptive searchless Fractal 
Image Compression (FIC) technique in the Discrete Cosine 
Transform (DCT) domain. The adaptive techniques used are 
variance-based selection of image blocks and adaptive 
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threshold. The variances of domain and range block are 
compared and domain blocks which satisfy the threshold are 
retained in the pool. The optimization in the performance of 
encoding is achieved by applying adaptive threshold in 
quadtree partitioning along with variance domain selection 
search. The simulation results show the higher coding 
performance in Peak Signal-to-Noise ratio (PSNR), 
Compression Ratio (CR) and encoding time as compared to 
FIC without adaptive techniques. Ranjan Kumar Senapati et 
al. [21] proposed Hierarchical Listless Discrete Tchebichef 
Transform (HLDTT) coder which is a combination of 
Improved Listless Set Partitioning Embedded Block and 
Discrete Tchebichef Transform (DTT). The DTT derived from 
orthonormal Tchebichef polynomials has similar energy 
compaction properties like discrete cosine transform (DCT). 
The HLDTT compares magnitude of coefficients within and 
across several subband levels; it reduces complexity of 
encoder and decoder with coding efficiency. These coders 
performed better compared to all DCT based embedded coders 
at lower bit rates. The HLDTT results on average < 1 dB 
reduction in peak-signal-to-noise-ratio (PSNR) over wavelet 
based coders. It gives better structural- similarity-index-metric 
(SSIM) performance in comparison with DCT- set partitioning 
in hierarchical trees (SPIHT) at all bitrates.  

Mohammed Omari and Salah Yaichi [22] proposed an image 
compression method which utilizes the relationship between 
fractional numbers and respective quotient representation. 
Each subimage is mapped to a fractional number based on the 
representation and then reduced to an efficient quotient. It 
utilizes the efficiency of genetic algorithms to enhance the 
time search in order to find better rational number with shorter 
reduced form. It showed a considerable compression ratio 
when the least significant bits of each byte are altered and 
results in high compression ratio by preserving high quality for 
simple images with graphs and documents. Jian-Jiun Ding et 
al. [23] proposed two-dimensional orthogonal DCT expansion 
in trapezoid and triangular blocks and a new compression 
algorithm named Tri-DCT algorithm. The JPEG algorithm is 
generalized to divide an image into trapezoid and triangular 
blocks as per shape of the object instead of 8x8 block. The 
number of bytes required for encoding edge is reduced and 
hence error caused at the boundary due to high frequency 
component is avoided. The Tri-DCT algorithm has higher 
coding efficiency and avoids the ring effect as compared to 
JPEG standard and simulation results for Lena image, for a 
PSNR of 26dB, the bits per pixel (bpp) of tri-DCT is 23.7% 
less than SA-DCT used in MPEG-4 and 35.6% less than that 
of JPEG standard.  

Kensuke Fujinoki [24] proposed triangular wavelets that are 
nonseparable wavelets defined on 2-D triangular lattice. The 
design is based on generalization of 1-D biorthogonal wavelets 
constructed using lifting scheme and the construction is made 
using the average interpolating lifting scheme with an update-
first form. It includes the biorthogonal system of three high-
pass filters that are symmetrically arranged on the lattice and a 
low-pass filter with hexagonal symmetry. The experimental 
results show that the update-first filters perform better than the 
original predict-first filters of the CDF (1,N), and as the filter 
order N is increased, the PSNR value improves. 

Aslam Khan and Sanjay Mishra [25] proposed a neural 
network based Growing Self-Organizing Map (GSOM) 
technique for image compression through a good reliable way 

of performing vector quantization. The incomplete data 
artificial neural network provides good result compared to 
classical methods. The GSOM, starting with the minimum 
number of nodes, it grows new nodes on the boundary based 
on the spread factor value. The experimental results exhibited 
an improved compression ratio in BMP, JPG and TIFF files. 
The limitation of the GSOM is it cannot compress higher size 
files such as audio and video. 

PROPOSED METHODOLOGY 

The proposed method of image compression which involves 
SOM, Arithmetic Encoding, Quantization, Discrete Wavelet 
Transform (DWT) and Error Correction block is shown in Fig. 
1.  

 

Figure 1.  Block Diagram of proposed Image Compression 
Using Error Correction 

The input image is divided into 4x4 blocks and rearranged as 
16x4096 input vectors and applied to the input layer of SOM. 
The output of SOM will be index and weight vectors where 
index vectors are repeated values of the class and weight 
vectors are the trained values. The number of index vectors 
obtained depends on input vectors with values ranging from 1 
to 256 and the weight vectors depend on SOM Layer. The 
Index vectors are then compressed to obtain index bits using 
arithmetic encoder and the weight vectors are applied to DWT 
to obtain first level compression of LL band weight vectors 
and further encoded using quantizer and arithmetic encoder to 
obtain second level of compressed weight bits. The 
reconstructed matrix is obtained using trained weight and 
index vectors are compared with input matrix vectors to obtain 
the Error Matrix which is further Quantized and arithmetic 
encoded to obtain compressed Error bits. The compressed 
weight and index bits along with compressed error bits are 
transferred over the channel. 

A. Preprocessing 
This stage involves a transformation from color to grey and 
resizing of an image. The pixel resolution in the color image is 
24 bits which contains 3 planes Red (R), Green (G) and Blue 
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(B) and is converted to gray scale image with 8 bit pixel 
resolution. The pixel value of a gray scale image ranges 
between 0 to 255. The color transformation is performed using 
weighted method [1] where the gray scale image is obtained 
from the color image using equation (1). Further, the input 
image is resized to 256x256 which helps in achieving 
uniformity for all images from different database during result 
analysis. 

𝐺𝑟𝑎𝑦 𝑆𝑐𝑎𝑙𝑒 𝑃𝑖𝑥𝑒𝑙 𝑉𝑎𝑙𝑢𝑒 = {(0.3 ∗ 𝑅) + (0.59 ∗ 𝐺) +
                                                            (0.11 ∗ 𝐵)}                        (1) 

B. Non Overlapping 4x4 Block Vectors  
The input 256x256 image is divided into 4x4 non-overlapping 
blocks resulting in 4096 blocks and made as column vectors 
appended, to obtain the input vectors of size 16x4096. For 
Example, Consider the sub image matrix, 8x8 where 4x4 non 
overlapping blocks are divided and are converted to a single 
column vectors as shown in Fig. 2. The values of a 8x8 sub 
image matrix window is as shown in Fig 2a and the input 
matrix divided into 4x4 non-overlap blocks and converted to 
column vector as shown in Fig. 2b and 2c respectively. 
Further, this process is repeated for entire window block of 
8x8 sub image matrix stored, as column vector as shown in 
Fig. 2d. 

 

(a) Input 8x8 Matrix  

 

 
(b)First 4x4 Block 

 

 
(c) Conversion of Column Vector 

 
(d) Obtained matrix 

Figure 2. 4x4 Block creation from the 8x8 Matrix 

C. Self Organizing Map (SOM) 
The input vectors of size 16x4096 are applied to SOM layer of 

16x16 dimensions which indicates the number of neurons. The 

output of SOM [26] is weight and index vectors where weight 

vectors are trained values and index vectors indicates repeated 

values of class. In general, if the input matrix dimension is M 

x N and the dimension of the SOM is considered to be P x P, 

then we obtain weight matrix vectors of size P2 x M and index 

matrix vectors of size 1xN with values ranging between 1 to 

P2. The overview of SOM for general matrix is shown in the 

following Fig. 3 and SOM algorithm is shown in Fig. 4. 

 

 
Figure 3. Overview of SOM 

 
SOM Algorithm: 
1. The random values has to be chosen for the initial weight 

vectors for j=0,1,…,l where l is the number of neurons in 

the lattice. 

2. Input vector is applied to the lattice. 

3. The vector of the input matrix is compared to the best 

matching neuron using the Euclidian distance. 

𝑖(𝒙) = 𝑎𝑟𝑔 𝑚𝑖𝑛‖𝒙(𝑛) − 𝒘𝑗‖ ,   𝑗 = 1,2, … , 𝑙                 (2) 

4. Adjust the synaptic weight vectors of all neurons. 

𝒘𝑗(𝑛 + 1) = 𝒘𝑗(𝑛) + 𝛼(𝑛)ℎ𝑗,𝑖(𝒙)(𝑛)(𝒙(𝑛) − 𝑤𝑗(𝑛) (3) 

α(n): Learning rate parameter 

hj,i(x): Neighborhood function centered on the winning 

neuron. 

5. Continue from step 2, until no changes in the feature map 

are observed. 

6. The vectors belonging to one of neuron classes are 

obtained after training and are expressed in terms of 

weights and indices. 
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Figure 4. SOM Algorithm 

D. Discrete Wavelet Transform (DWT) 
The motivation for transform domain feature extraction is 

accuracy with better results. The DWT [27, 28] specifies 

Time-Frequency representation of the signal using wave like 

functions that can be scaled and translated. The wavelet 

transform represents the signal at different scales and 

manipulating features at different   scales independently. The 

discrete wavelet used here is the Haar wavelet. 

The Haar wavelet's mother wavelet function ψ(t) can be 

described as 

               𝜓(𝑡) = {

1,   0 ≤ 𝑡 <
1

2

−1,
1

2
≤ 𝑡 ≤ 1

0, 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                         (4) 

Its scaling function   ϕ(t) can be described as 

                              ∅(𝑡) = {
1, 0 ≤ 𝑡 < 1

0, 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                           (5) 

The Haar wavelet defined is a discontinuous function. For any 

image, if the 2D DWT is applied, LL, LH, HL and HH bands 

will be obtained.  

An Example of DWT Computation using Haar, if 𝑥 = [
𝑎 𝑏
𝑐 𝑑

]  

is the original matrix, then DWT is given in equation (6). Then 

𝑦 =  
1

2
(

𝑎 + 𝑏 + 𝑐 + 𝑑 𝑎 − 𝑏 + 𝑐 − 𝑑
𝑎 + 𝑏 − 𝑐 − 𝑑 𝑎 − 𝑏 − 𝑐 + 𝑑

)                         (6) 

 LL: a+b+c+d : Low pass filtering in both horizontal 

and vertical direction. 

 HL: a−b+c−d : High pass filtering in horizontal and 

Low pass filtering in vertical direction. 

 LH: a+b−c−d : Low pass filtering in horizontal and 

High pass filtering in vertical direction. 

 HH: a−b−c+d :High pass filtering in both horizontal 

and vertical direction. 

The DWT Bands using Haar wavelet for Lena image is shown 

in the Fig. 5. 

 

 
Figure 5. Original image and all sub-bands 

E. Reconstruction Matrix  
The input matrix can be reconstructed using obtained weight 

and index vectors. The reconstructed matrix is different from 

original input matrix since, neuron weight vectors of SOM are 

modified while updating the weight vectors during training 

with size of 16x4096. 

F. Error Matrix  
The error matrix is generated by subtracting the reconstructed 

matrix from the original input matrix resulting in error matrix 

which has size of 16x4096. This error matrix is further 

compressed using quantizer and arithmetic encoder and sent 

along with original compressed image data. 

G. Quantization & Arithmetic Encoder  
The index vectors obtained from SOM are quantized by 

multiplying with integer value resulting in scaled vectors and 

encoded using arithmetic encoder which gives the information 

regarding unique symbols and its repetition. The weight 

vectors from SOM are applied to DWT to obtain LL band 

weight vectors which are further quantized and encoded. 

Finally the compressed and encoded index and weight bits 

along with error bits are sent over the channel for the 

transmission. 

 

RECONSTRUCTION OF IMAGE 

The block diagram for the reconstruction of the image from 
the compressed data is shown in Fig. 6. The compressed 
weight bits obtained are decoded using arithmetic decoder and 
de-quantizer and applied to IDWT block to obtain 
decompressed weight vectors. The index bits are decoded with 
index positions to obtain index vectors. The reconstructed 
matrix of 16x4096 is obtained using these index and weight 
vectors and these lacks better visual quality. The error matrix 
generated through arithmetic decoder and quantizer of error 
bits is added to reconstruction matrix to improve the visual 
quality. Finally the image is reconstructed using these 
matrices. 
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Figure 6. Block Diagram of Reconstruction 

Let,  N = the original pixel value. 

        N’= reconstructed data using weight and index vector. 

        E= Compressed error bit. 

        K=compressed index vector 

        L=compressed weight vector. 

        K’= decompressed index vector 

        L’=decompressed weight vector 

        E’= error data after decompression, 

 
The original decompressed data is generated by equation (7) 

                          𝑅𝑁𝑒𝑤 = 𝐾′ + 𝐿′ + 𝐸′                             (7) 

 

SIMULATION RESULTS  

The proposed method has been simulated and tested with 
images from standard data sets using MATLAB version 
2014b. The proposed technique was validated by various 
metrics to prove the efficiency. The results are obtained by 
applying SOM without and with Error Correction to compare 
the difference in improvement and this have been tested for 
different standard images. The original and the reconstructed 
images are shown in Fig. 7. 

 

Figure 7. Image pair of original images (a),(c),(e),(g),(i) & (k) 
and the reconstructed images (b),(d),(f),(h),(j) & (l) Lena, 
Mandrill, Cameraman, Pepper, Airplane & Barbara 

H. Performance Parameters 
The proposed method has been subjected to various metrics as 

given by the equations (8) to (10). 

 

1) Mean Square Error (MSE) 
If f (i, j) is the original image array of size M x N, where i and 

j are the row and column indices, (i=0,1,……,M-1; 

j=0,1,……,N-1) and f’(i, j) is the reconstructed image array of 

the same size, the MSE [3] is given by 

                     𝑀𝑆𝐸 =
1

𝑀𝑁
∑ ∑ [𝑓(𝑖, 𝑗) − 𝑓′(𝑖, 𝑗)]2𝑁−1

𝑗=0
𝑀−1
𝑖=0        (8) 

 

 

2) Root Mean Square Error (RMSE) 

              𝑅𝑀𝑆𝐶𝐸 = √
1

𝑀𝑁
∑ ∑ [𝑓(𝑖, 𝑗) − 𝑓′(𝑖, 𝑗)]2𝑁−1

𝑗=0
𝑀−1
𝑖=0       (9) 

The mean squared error essentially measures the noise in the 

reconstruction. 
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3) Peak Signal-to-Noise Ratio (PSNR) 
The noise power is measured with respect to the peak signal 

power, considering the intensities in the range of 0-255 [3]. 

               𝑃𝑆𝑁𝑅 = 20 log10
2552∗𝑀∗𝑁

∑ ∑ [𝑓(𝑖,𝑗)−𝑓′(𝑖,𝑗)]2𝑁−1
𝑗=0

𝑀−1
𝑖=0

             (10) 

 

4) Compression ratio (CR) 
The CR ratio [2] is defined as the ratio of the size of 

compressed data to that of the uncompressed data. 

                    𝐶𝑅 =
𝑠𝑖𝑧𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑒𝑑 𝑑𝑎𝑡𝑎

𝑠𝑖𝑧𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑢𝑛𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑒𝑑 𝑑𝑎𝑡𝑎
                     (11) 

I. Performance Analysis 
The results in terms of PSNR, CR and MSE for proposed 

algorithm are shown in Table 1. The results have been 

tabulated using SOM-DWT and SOM-EC for Lena, Pepper, 

Cameraman, Mandrill, Barbara and Airplane images. It is 

observed that the SOM-EC obtains better result compared to 

SOM-DWT in terms of PSNR, CR and MSE. The original and 

reconstructed images for the proposed method are shown in 

Fig. 7. 

TABLE I.  R

ESULTS AND COMPARISONS FOR VARIOUS IMAGES 

Image 

 

Compression 

SOM+DWT without 

EC 

Compression 

SOM+DWT with EC 

PSNR CR MSE PSNR CR MSE 

Lena 27.38 20.21 106.03 38.88 3.57 7.51 

Pepper 29.82 21.06 67.68 40.11 4.29 6.56 

Cameraman 25.52 21.28 179.42 39.84 3.52 6.71 

Mandrill 22.86 19.40 232.22 37.33 2.57 8.33 

Barbara 28.89 11.31 84.94 39.19 3.07 8.08 

Airplane 28.17 11.44 83.06 39.13 3.46 6.74 

 

J. Comparison of the results with the existing techniques 
The proposed method is compared with existing techniques 

and observed that the proposed method gives better PSNR and 

Compression Ratio compared to the existing techniques [29, 

30], since the error matrix generated at input is compressed as 

error bits and sent along with compressed index and weight 

bits and these decoded error matrix vectors at receiver is 

further combined with reconstructed weight and index matrix 

vectors resulting in improved accuracy. The Limitation of 

these technique lies with overhead of error calculation which 

increases the computational complexity. 

TABLE II.  C

OMPARISONS OF PROPOSED METHOD WITH EXISTING METHODS 

Input Image Megha and Rashmi  

[29] 

Al-Hamid  

et al.,  [30] 

Proposed Method 

(SOM & Error 

Correction) 

 R M S E PSNR CR PSNR CR RMSE PSNR CR 

Lena 4.93 34.27 12.20 31.69 11.1 2.74 38.88 3.57 

Mandrill 7.34 30.82 6.68 26.54 7.40 2.88 37.33 2.57 

Peppers 4.82 34.47 3.13 31.30 11.40 2.56 40.11 4.29 

Cameraman 5.57 33.21 5.34 - - 2.59 39.84 3.52 

Barbara - - - 27.60 9.62 2.84 39.19 3.07 

Airplane - - - 32.29 13 2.59 39.13 3.46 

CONCLUSION 

The Image Compression using Self Organizing Map and 

Discrete Wavelet Transform with Error Correction is 

proposed. The SOM is used to train the input to obtain the 

index and weight vectors which are further subjected to DWT, 

Arithmetic encoder and quantizer to obtain the compressed 

bits of weight matrix, index matrix and error matrix. These 

compressed bits are transmitted over the channel and at 

receiver the original image is obtained by decompression 

technique. The results are better in terms of Compression ratio 

and PSNR. 
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