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Abstract - Uncompressed multimedia data occupy more 

storage space and very high data rates for transmission. 

Innovation is always under process to derive new high speed and 

efficient image compression methodologies. The main aim of 

this paper is to determine suitable wavelet for image 

compression using hybrid wavelet multi neural network 

architecture. A detailed comprehensive experimental analysis is 

carried out on the proposed hybrid architecture to obtain better 

fidelity metrics. The process involved applying different hand 

designed wavelet transforms on the proposed hybrid architecture 

and computing the objective fidelity metrics by performing 

necessary changes in different bands of frequency coefficients 

obtained, every time the wavelet is changed. This process is 

repeated with various wavelets such as the Haar Wavelet, 

Daubechies Wavelets, Coiflets, Symlets and the Biorthogonal 

wavelets etc. Wide range of gray scale and colour images of 

varying details are considered and Performance metrics obtained 

are tabulated and analyzed graphically.  

 
Keywords - Image Compression, Hand Designed Wavelets, 

MLP, NN, PSNR, MSE. 

 

1. Introduction 
 

Image compression is a part of large context where 

different types and size of images are compressed using 

different methodologies. Digital image compression 

techniques are classified as lossy and lossless compression 

schemes. Lossless compression techniques are mainly 

used in the fields of medical image processing; X-ray 

images, CT-Scan, tumor diagnosis in cancer patients and 

facsimile transmission etc. Run Length Encoding (RLE), 

Huffman Encoding and LZW Coding are some examples 

of lossless compression methods [1]. Lossy compression 

schemes are mostly used in internet telephony and media  

streaming including multimedia audio and video data. 

Vector quantization, Fractal coding, block truncation 

coding and sub band coding are some examples of lossy 

compression techniques [2].  

 

Image compression is a key technology in the 

development of various multi-media computer services 

and telecommunication applications such as video 

conferencing, interactive education and numerous other 

areas.  The rapid developmental pace of imaging 

technology, image compression techniques and coding 

tools, created an urge to innovate new video codec 

(compression/decompression) industry standards and 

proprietary algorithms that are compatible and 

interoperable between various image communication and 

storage products of different vendors for storage and 

transmission of digital audios and videos. A series of 

standards including JPEG, MPEG1 to MPEG7, H.261, 

H.267, H.323 and the H.265/HEVC (High Efficiency 

Video Coding) for image and video compression have 

been discovered.  

 

Over the past decade and above, powerful parallel 

computing technologies for 2-D image and video 

compression are under test bed. To name few, we have 

wavelets combined with traditional discrete cosine 

transform, Block truncation coding (BTC) combined with 

Hopfield neural networks, Predictive coding with neural 

networks, fractal coding with neural networks, 
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segmentation coding with wavelets, Set Partitioning in 

Hierarchal Tree (SPIHT) with fractal coding, SPIHT with 

Embedded Zero Tree Wavelet (EZW) coding, cellular 

networks with wavelets and the most successful vector 

quantization technique based on neural networks in 

combination with BTC and DCT etc. for obtaining better 

fidelity metrics.  

 

2. Literature Survey 

 
Benbenisti et .Al [3] Proposed a parallel structure of 

neural networks with low computational complexity, high 

quality reconstructed Picture quality and fixed bit rate. 

Aran Namphol et al [4] proposed a new training method, 

referred to as the Nested Training Algorithm (NTA) for 

neural networks to reduce the training time. It is shown 

that the developed architecture and training algorithm 

provide high compression ratio and low distortion while 

maintaining the ability of generalization. Sridhar et .Al 

[5] proposed a three layer neural network and compared 

its performance when trained with LM algorithm and 

Resilient Backpropagation algorithm for better fidelity 

metrics. 

 

Omaima N.A. AL-Allaf [6] proposed a three layer 

Backpropagation Neural Network (BPNN) and compared 

its performance with different BPNN architectures and 

different learning parameters. Parveen Banu and 

Venkataramani [7] proposed a hybrid compression 

technique based on decomposing data using daubechies-4 

wavelet in combination with lifting scheme and entropy 

encoding. Natalija Vlajic et .Al. Sridhar et .Al[8][9] 

proposed a hybrid methodology for image compression 

using Haar wavelets and Daubechies wavelets along with 

parallel arrangement of neural networks and predictive 

coding for better objective fidelity metrics. 

Y.H.Dandawate et .Al [10] proposed a Neuro-Wavelet 

generic codebook for compression of gray images. Amjan 

Shaik et .Al [11] proposed a wavelet transform and neural 

network model for image compression using Haar wavelet 

filters, DPCM for low bands followed by Scalar 

quantization and Huffman coding schemes. Arto Kaarna 

[12] applied neural networks to wavelet filter selection. 

The purpose is to find a good filter for compression of 

each multispectral image.  

 

This paper is outlined as follows: Section 3 gives an 

introduction of the image compression fundamentals, 

Section 4 gives an overview of few image compression 

methods used in the proposed architecture. In section 5 

experimental procedures is detailed, In section 6 a 

thorough discussion is provided on the results obtained. 

Concluding remarks are discussed in section 7. 

3. Image Compression Fundamentals 
 

3.1 Redundancy  
 

Data redundancy is of central issue in digital image 

compression. If n1 and n2 denote the number of 

information carrying units in original and compressed 

image respectively, then the compression ratio CR can be 

defined as, 

 

 
 

Relative Data Redundancy is given by 

 
 

In digital image compression, three basic data redundancy 

can be identified and exploited (a) coding redundancy, (b) 

inter-pixel redundancy, and (c) psychovisual redundancy. 

Data compression is achieved when one or more of these 

redundancies are reduced or eliminated.  

 

Coding Redundancy� can be eliminated from an image 

through the Huffman encoding technique where the more 

probable gray levels are assigned fewer bits than the less 

probable ones to achieve compression.  

 

Inter-pixel redundancy� is related to the inter-pixel 

correlation within an image i.e Usually by knowing gray 

level value of one of the neighborhood pixels one has a lot 

of information about gray levels of other neighborhood 

pixels. In order to reduce the inter-pixel redundancies in 

the image, the 2-D pixel array of image values, used for 

image visualization should be transformed into another, 

generally "nonvisual" representation. 

 

Psycho visual Redundancy�Since human eye does not 

respond to all visual information with equal sensitivity or 

in other words human eye is less sensitive to information 

of less relative importance. This information is referred to 

as psycho visual redundant and can be eliminated without 

introducing any significant difference to the human eye. 

Since the reduction of psycho visual redundancy results in 

quantitative loss of information, this type of reduction is 

referred to as quantization.  

 

Since the elimination of psychovisual redundant data 

results in a loss of quantitative information. Thus it is an 

irreversible process. As it is an irreversible operation 

(visual information is lost) quantization results in lossy 

data compression. 

 

. . . (1) 
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3.2 Error Criteria 
 

The performance of a lossy compression technique is 

normally judged based upon the error criteria such as the 

objective criteria and the subjective criteria.  

 

Objective Criteria� Two of the objective error criteria 

used to compare the various image compression 

techniques are the Mean Square Error (MSE) and the 

Peak Signal to Noise Ratio (PSNR) to achieve desirable 

compression ratios.  

 

The MSE is the cumulative squared error between the 

compressed and the original image, whereas PSNR is a 

measure of the peak error. The mathematical formulae for 

the two are: 

 

 

 
 

Where I(x, y) is the original image, I'(x, y) is the 

approximated version (which is actually the decompressed 

image) and M, N are the dimensions of the images. A 

lower value for MSE means lesser error and an obviously 

higher value of PSNR.  Subjective criteria is a measure of 

the perceptive ability of the human beings, it is totally 

based on visual information. 

 

4. Compression Techniques 
 

4.1 Wavelets 
 

Wavelet transforms represent image as a sum of wavelet 

functions with different locations and scales. Discrete 

Wavelet Transforms (DWT) are implemented through sub 

band coding, The power of wavelets comes from use of 

multiresloution i.e. different parts of the wave are viewed 

through different windows where high frequency parts in 

the signal utilize small windows for good time resolution 

and low frequency parts use big windows to extract 

frequency information[13][14]. 

 

4.2 Predictive Coding  
 

Differential pulse code modulation (DPCM) converts an 

analog signal to digital form by sampling and quantizing 

difference between the actual sample and its predicted 

value.  

 
Figure 1: DPCM Encoder 

 

In DPCM we transmit not the present sample x(n), but 

e(n), the difference between x(n) and its predicted value 

y(n). At the receiver, we generate y(n) from the past 

sample value, to which the received x (n) is added to 

generate x (n) [15] [16]  

 

4.3 Neural Networks 
 

Artificial Neural networks are well known for solving 

optimization problems to represent complex input-output 

relationships [1].  

 
 

Figure 2:  Basic Image Compression using ANN 

 

Artificial neural networks are well suited for image 

compression, as they pre-process input patterns to produce 

compressed patterns with sufficient compression rates. 

Backpropagation algorithm based on error-correction 

learning rule is one of the most widely used algorithms 

for training an artificial neural network;                                           

If Ni, Nh and No represent number of neurons in input, 

hidden and output layers. The number of connections 

between any two layers of neural network is given by 

Equation 1[3-4]. 

 
 Network Size :( Nw )= [( Ni*Nh )+Nh ]+[( Nh*No )+No]   . . . (4) 

 

5. Experimental Procedure 
 

Based on the fact that wavelets provide good compression 

ratios for high resolution images and perform better than 

competing technologies like JPEG, owing to the 

computational simplicity of wavelets that comes in the 

form of filter bank implementations. In this proposed 

. . . (2) 

. . . (3) 
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work filter functions of different hand designed wavelet 

transforms such as the HAAR wavelet, Daubechies 

wavelets, Coiflet wavelets, Symlet wavelets and 

Biorthogonal wavelets etc., are tested with proposed 

Hybrid predictive coded wavelet neural network 

compression system for encoding and decoding of 

different gray scale and colour images of different sizes of 

varying contents.  

 

Experimentation involves applying the filter function of 

each of the hand designed wavelets in the proposed 

architecture to perform an analysis of the objective fidelity 

metrics obtained. The process is repeated by changing the 

wavelet filter function every time and tabulating the 

metrics obtained with each of the wavelet transform. 

However owing to the symmetric and asymmetric nature 

of filter functions of the wavelets, the matrix of 

coefficients obtained (after decomposing the respective 

wavelet filter function) differ in size from wavelet to 

wavelet.  

 

Therefore, in order to accommodate this variation in the 

matrix of coefficients, necessary modifications are made 

in the proposed architecture to enable proper execution of 

the encoding and decoding operations of the selected 

images. This analysis is performed to determine one most 

appropriate wavelet filter function that suits the proposed 

architecture with better values of fidelity metrics for 

further consideration of implementing the proposed 

architecture (in association with the optimum wavelet 

filter function) on FPGA platforms.  

 

Two-D bench mark images like Lighthouse medium 

Detail, Desert Low Detail, Cameraman, Lena and Lifting 

body etc are considered for the overall analysis.  

 

5.1 Image Encoding and Decoding System 
 

The 2D input image of size 256 x 256 is subjected to two 

level decomposition using hand designed wavelet filter 

function of choice  producing  7 Bands of Low level and 

high level approximation and detail coefficients: A2, H2, 

V2, D2, H1, V1 and D1 etc..  

 

The second level decomposed approximation coefficients 

A2 are predictive encoded for compression. While the 

second level decomposed high frequency detail 

coefficients H2, V2 and D2 are compressed using three 

multi layer perceptron type feed forward neural networks 

of size 16-10-16.However the first level decomposed high 

frequency detail coefficients H1 and V1  are compressed 

with two neural networks of 16-8-16 dimensions. 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 
Figure 3:  Hybrid Wavelet Neural Network System Encoder 

 

Further, the partially compressed 5 bands of coefficients 

at the hidden layer outputs of five neural networks are 

quantized to eliminate the psychovisual redundancy, since 

the process of quantization is an irreversible operation. 

Subsequently the quantized output coefficients are 

combined with the DPCM encoded second level 

decomposed approximation coefficients for entropy 

coding using Huffman technique to finalize the process of 

compression generating the final compressed image. 

Block diagram of the proposed predictive encoded Hybrid 

wavelet neural network encoder is shown in Figure 2 .  

Decompression process involves Huffman decoding of the 

compressed output and splitting the coefficients to 

separate the predictive encoded band 1low frequency 

approximation coefficients and 6 bands of compressed 

high frequency coefficients.  

 

 
 

Figure 4:  Hybrid Wavelet Neural Network System Decoder 

 

Subsequently the high frequency compressed coefficients 

are fed to the neural networks for decompression between 

the hidden and output layers of the five neural networks. 

On the other hand the splitted band 1 compressed 

coefficients at the output of Huffman decoder are fed to 

inverse DPCM unit for decompression operation. Finally 

decompressed output coefficients at the output layers of 

five neural networks and inverse DPCM unit are 
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combined to perform Inverse discrete wavelet transform 

operation to generate the decompressed image or the 

reconstructed image. Block diagram illustrating the 

procedural steps of decompression is shown in Figure 4 

below. 

 

All the neural networks employed for experimentation are 

trained using the Levenberg-Marquardt or the 

backpropagation algorithm. Throughout the sequence of 

operations, first level decomposed band7 detail 

coefficients D1 are neglected owing to their insignificant 

contribution to the picture details of image.  

 

6. Result Analysis 
 

Entire series of encoding and decoding operations (as 

illustrated in Figures 3 and 4) are performed by taking 

into consideration each of the different hand designed 

wavelet filter functions corresponding to Haar Wavelet, 

Daubechies (Db1, Db2, Db3, Db4, Db5, Db6, Db7, Db8, 

Db9, Db10) Wavelet, Coiflet (Coif1, Coif2, Coif3, Coif4 

and Coif5) Wavelet, Symlet (Sym1, Sym2, Sym3, Sym4, 

Sym5, Sym6, Sym7, Sym8) Wavelet and Biorthogonal 

Wavelets etc. Such that the DWT and inverse DWT 

blocks in the encoder and decoder units are replaced by 

each of the wavelets mentioned above and performing the 

remaining series of encoding and decoding operations in 

order to tabulate metric values obtained to perform a 

comparative analysis in order to determine the one 

appropriate wavelet that generates the best metrics values. 

Complexity involved in the proposed methodology of 

choosing the an appropriate wavelet filter function is that 

every time when the wavelet filter function is changed, 

matrix values of the second and first level decomposed 

coefficients keeps on varying (owing to the different filter 

functions adopted) thereby changing the input and target 

image matrices fed to the neural networks. Also 

coefficient matrix size fed to the DPCM encoder changes, 

further quantizer and Huffman encoder matrices values 

are also changed. However same kind of changes in the 

coefficient  values are observed in the decompression 

process.  

 

For example, in case of a Db3 wavelet, coefficients are of 

size 67 x 67 and 130 x 130, Db6 coefficients are of size 

72  x 72  and 132 x 132, Db3 coefficients are of size 67 x 

67 and 130 x 130, Db10 coefficients are of size 78 x 78 

and 137 x 137, Coif2 coefficients are of size 72 x 72 and 

133 x 133, Coif4 coefficients are of size 81 x 81 and 139 

x 139, Coif5 coefficients are of size 85 x 8 and 142 x 142, 

Sym1 coefficients are of size 64 x 64 and 128 x 128, 

Bior1.3 coefficients are of size 67 x 67 and 130 x 130 etc. 

Performance metrics considered for the analysis are 

PSNR, MSE and percentage Compression Ratio. 

Initially experiments are conducted on the proposed 

architecture using the Symmetric Haar filter function. The 

first and second level decomposed coefficients obtained in 

this case are of size 64 x 64 and 128 x 128.Performance 

metrics PSNR, MSE and %CR are as shown in Table 1 

and Figures 5 to 7 below: 

 
Table 1: Performance Metrics of HAAR Wavelet 

 
 

 
Figure 5: PSNR Values with HAAR Wavelet 

 

 
Figure 6: MSE Values with HAAR Wavelet 

 

 
Figure 7: %CR Values with HAAR Wavelet 
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Experiments are conducted on Coiflet (Coif1, Coif2, 

Coif3, Coif4 and Coif5) wavelets with proposed 

architecture. Performance metric values obtained are as 

shown in Table 2 and Figures 8 to 10 graphically 

 

 
Figure 8: PSNR Values with Coiflet Wavelets 

 

 
Figure 9: MSE Values with Coiflet Wavelets 

 

 
Figure 10: %CR Values with Coiflet Wavelets 

 

Table 2: Coiflet Wavelets Performance Metrics 

 

 
Figure 11: PSNR Values with Symlet Wavelets 

 

 
Figure 12: MSE Values with Symlet Wavelets 

 

 
Figure 13: %CR Values with Coiflet Wavelets 

 

Experiments are conducted on Symlet (Sym1, Sym2, 

Sym3, Sym4, Sym5, Sym6, Sym7, Sym8) wavelets with 

proposed architecture Performance metric values obtained 

are as shown in Table 3 and Figures 11 to 13 graphically. 
 

Table 3: Symlet Wavelets Performance Metrics 

 



IJCSN  International Journal of Computer Science and Network, Volume 3, Issue 6, December 2014           

ISSN    (Online) : 2277-5420       www.IJCSN.org 
Impact Factor: 0.274 

590 

 

 
 

Experiments are conducted on Daubechies (Db1, Db2, 

Db3, Db4, Db5, Db6, Db7, Db8, Db9, Db10) wavelets 

with proposed architecture.  Performance metric values 

obtained are as shown in Table 4 and Figures 14 to 16 

graphically. 

 

 
Figure 14: PSNR Values with Daubechies Wavelets 

 

 
Figure 15: MSE Values with Daubechies Wavelets 

 

 
Figure 16: %CR Values with Daubechies Wavelets 

 

Table 4: Daubechies Wavelets Performance Metrics 

 

 

From the performance analysis, it was observed that in 

case of Haar wavelet Lifting body image produced better 

metric values of large PSNR value 33.38 and least MSE 

value is obtained with the Lighthouse medium detail 

image of value 40.026. 

 

In case of performance metrics of Coiflet wavelets, it was 

observed that Lifting body image produced better PSNR 

value of 36.6904 and least MSE value of 13.9328 with the 

Coiflet5 filter function. Therefore, in case of Coiflets 

COIF5 Wavelet filter function proved to be the better 

amongst all other Coiflet functions generating the largest 

PSNR values with all most all the five images considered 

and even the MSE values proved to be the least ones with 

all but one image. 

 

In case of performance metrics of Symlet wavelets, it was 

observed that SYM1 filter function proved to be the best 

wavelet transforms producing large values of PSNRs and 

least values of MSEs with almost all the five images in 

comparison with the remaining filter functions of 

Symlets. Again , of all the images Lifting body image 

stood better achieving largest PSNR value of 34.482 and 

lest MSE value of 23.166 with even good percentage of 

compression of order 64.4. 

 

In case of performance metrics with Daubechies wavelets, 

it was observed that each of the DbN filter function 

proved to be the best one with each of the selected input 

image producing better PSNR and least MSE values for 

different images. Therefore it is difficult to analyze which 

of the DbN filter function is better in overall. However, 

Db8 filter function stood best giving large PSNR value of 

31.96 and reasonable MSE value of 41.32. An overall 

analysis covering all the filter functions experimented on 

the proposed architecture using the five input images is 

illustrated in Table 5 and Figure 17 below: 

 

 
 

Figure 17: Overall Analysis of All Wavelet Transforms 
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Table 5: Overall Analysis of All Wavelets 

 

 
 

Based on the above table, it can be analyzed that of all the 

five images considered for experimentation, better metrics 

are obtained only for the Lifting Body image rather than 

with other images. However, it can be inferred that the 

Coif5 wavelet filter function produced the best PSNR 

value of 36.69 and the least MSE value of 13.93.  

 

7. Conclusion 
 

Experimental analysis is performed to select one 

appropriate wavelet filter function that can produce better 

fidelity metrics (PSNR and MSE, %CR)etc., with the 

proposed Hybrid Predictive coded Wavelet Neural 

Network Architecture for image compression. Different 

hand designed wavelet transform filter functions like 

HAAR, Daubechies (DbN, N= 1 to 10), Coiflets ( Coif1 to 

Coif5), Symlets (Sym1 to Sym8) etc., are used for 

performing the analysis. Experimental analysis performed  

by applying every wavelet filter function in the 

architecture and doing the necessary changes in the 

architecture in order to accommodate the non symmetrical 

nature of filter function used for analysis because each 

filter function will produce coefficients of different 

matrices. 

 

It was found that PSNR values obtained with the HAAR, 

COIF5 and SYM1 filter functions are almost same while 

that of the Db8 is somewhat less in magnitude. COIF5 

filter function obtained the least MSE value of order 

13.93. Therefore it can be said that COIF5 filter function 

is superior to the other filter functions considered. But, 

this statement remains true only with the input images 

chosen for experimentation. Because, based on the content 

and details contained in any image the metrics obtained 

with different filter functions will differ. Therefore any of 

the above filter functions may be chosen for use with the 

proposed architecture for further Hardware 

implementation of proposed image compression system. 

This analysis stands changed again with a variation in the 

dimensions of the neural networks adopted for the 

experimentation which is again a function of the training 

algorithms adopted for training the neural networks. 

However, a trade off is always required between deciding 

the parameters of optimization like Power Consumed, 

Area Occupied and Operating Frequency desired as far as 

hardware implementation is considered, in addition to the 

regular fidelity metrics PSNR etc. 
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