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ABSTRACT 

 In emerging medical image applications and services, demands better 

accuracy with speed of operation. In such application, the medical images could 

be forwarded through wired or wireless network for remote monitoring. To 

improve the performance of such system, a higher resolution compression 

architecture based on wavelet transforms had been proposed. The wavelet 

transform which decomposes the image into different levels where the 

coefficient in each sub band are uncorrelated from coefficient of other sub bands 

.As a result, the coefficient in each sub band can be quantized independently of 

coefficient in other sub band with no significant loss in performance, but the 

coefficient in each sub band requires different amount of bit resources to obtain 

best coding performance. To overcome the  above problems , an efficient 

hierarchical Zero tree wavelet coding algorithm is proposed which exploits the 

multi-resolution properties of the wavelet transform to give a computationally 

simple algorithm with better performance compared to existing wavelet 

transform. This coding finds the co relational properties of each band and 

eliminate the coefficients from each band as per their significance.  

KEY WORDS: Wavelet decomposition, medical image compression, hierarchal 

zero coding. 
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I. INTRODUCTION 

 Along with the advances in computers, communications and imaging 

technologies, there has been an increase in the use and applications of 

telemedicine: the exchange of medical information (data, voice, and still or 

video images) using telecommunication equipment. Telemedicine has already 

been used successfully in a number of areas of medicine.  

 One of telemedicine’s main attractions lies in the ability to provide 

specialist medical care to the areas that are underserved, particularly those 

located remotely from major population centers. Tele-ophthalmology has the 

potential to improve the accessibility of people in remote areas to specialist 

ophthalmic care, and in turn to help fight preventable blindness. It can also have 

a large impact on the costs and necessity of transporting patients to regional 

centers. As a primary screening tool, tele-ophthalmology also has a role in 

identifying patients who does not need non urgent treatment. In this way, the 

expense of sending ophthalmic teams to remote, isolated, and sparsely populated 

areas can be reduced. 

 

Figure 1 : Telemedicine Communication System 
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 The essential parts of a store-and-forward telemedicine system include good 

quality data recording equipment and effective communications systems 

operated by trained health personnel and a data archiving and viewing system 

accessible by specialist medical personnel. In the case of ophthalmology where 

ocular imaging plays a significant role in clinical diagnosis, good quality digital 

images of the retina and external eye form the key part of the system.  

 Although the technical issues of image capture, digitizing, and transmission 

can easily be addressed. Two factors can make the whole tele-ophthalmology 

system ineffective. Communication systems in remote areas are often of low 

quality and in some cases nonexistent. Satellite telephones can be used but 

affordable systems suffer from low data transfer rates and are expensive to 

operate. Furthermore, digitized ocular images require substantial storage space 

and take a long time to transmit. A high-quality digital image can reach a size of 

1.5 MB or greater. Over a 9600 bauds/sec modem line, this image can take at 

least 25 minutes to be transmitted which becomes important when a large 

number of images are to be transmitted. In stated of sending original large image 

data, there is an need of image compression to send the data at faster rate. 

 Image compression is common in the transmission of images. JPEG (Joint 

Photographic Experts Group) compression, the most common image format used 

on the Internet, is also used for medical imaging, although Wavelet image 

compression has also been investigated.[6][8] To achieve an appreciable 

reduction in image size (i.e., more than 1:4), some loss of information and 

consequently some degradation of image quality must be expected[1][2] . 

 JPEG image compression breaks the image into blocks of 8 by 8 pixels and 

converts these blocks subsequently into spatial frequency components.  

Sampling  make use of this frequency domain information (in a step called 

quantization) by closely preserving the low-frequency components and 

approximating the high-frequency components. The amount of information that 
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is discarded determines the amount of compression. A coding process 

compresses the remaining frequency coefficients. The decompressing process 

reverses these steps. The effects of compression can be seen at high compression 

levels when “blocking artifacts” become evident. 

 There are a number of different Wavelet algorithms, their differences lying 

in the type of filter used. In general, band- and low-pass filters are applied to the 

pixel rows of an image and then reapplied to the columns of pixels. Which 

produces information on the low-frequency components of the image and the 

horizontal, vertical, and diagonal detail in the image, As with the Wavelet Based 

Compression algorithm, there are also quantizing and coding steps. A number of 

studies have been conducted on medical image compression. Bittorf et al.[11] 

assessed compressed images of skin lesions, concluding that images needed to 

be at least 768 3512 pixels with 24-bit color resolution (i.e., .1 MB images) to be 

suitable for diagnosis. Persons et al.[7] found that low-contrast objects in the 

images still remain visible after Wavelet Based Compression and Wavelet image 

compression of magnetic resonance imaging and computed tomography images, 

although fine and irregular details are easily degraded. Martin et al.[6] 

compressed 2-, 3-, and 4-MB fundus images and found that a compression ratio 

of 1:24 still produced images of diagnostic quality. A number of approaches are 

considered to find the optimum level of image compression. Some studies 

determine the compression level at which changes from the original image are 

first noticed (“just-noticeable-difference”). In one study, the compression ratio 

limit for chest radiograph images is shown to be 1:6.12.Erickson et al.[10 ]rated 

the appearance of structures on chest radiographs, finding that a Wavelet image 

compression ratio of 1:40 produced images indistinguishable from the original 

images. Another approach is to determine at what compression level the 

abnormalities become indistinguishable or the highest compression level that is 

clinically acceptable. In a previous study we found that a Wavelet Based 

Compression compression ratio of approximately 1:30 (approximately  
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20–30 KB images) can be achieved without affecting the ability of the 

ophthalmologist to identify these abnormalities.13 Kim14 used Wavelet Based 

Compression compression for 900-KB gastrointestinal color images and showed 

that compressed images approximately 20 KB in size were still acceptable. 

 The rest of the paper organized as follows Wavelet based image 

compression is briefed in section II, In section III contain the proposed system 

architecture, results and observations were shown in section IV, The conclusion 

is briefed in section V.  

II. WAVELET BASED IMAGE COMPRESSION 

 The primary goal of any image compression technique is to reduce the 

number of bits needed to represent the image with little perceptible distortion. 

Subband coding using wavelets is one of the best performing techniques among 

different transform based image compression techniques. Figure 2 shows the 

block diagram of a wavelet based image compression system [24]. The first 

three blocks (DWT, quantizer and entropy coder) compress the image data 

whereas the last two blocks (entropy decoder, inverse discrete wavelet transform 

(IDWT))reconstruct the image from the compressed data. 

 The DWT performs an octave frequency subband decomposition of the 

image information. In its subband representation, an image is more compactly 

represented since most of its energy is concentrated in relatively few DWT 

coeficients. 

 The quantizer then performs quantization by representing the transform 

coeficients with a limited number of bits. Quantization represents lossy 

compression some image information is irretrievably lost. A quantizer in a 

DWT-based coder exploits the spatial correlation in a wavelet-based, 

hierarchical scale-space decomposition. 
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 The entropy coder follows the quantization stage in a wavelet based image 

compression system. Entropy coding is lossless; it removes the redundancy from 

the compressed bit stream. However, the typical performance improvement of 

0.4-0.6 dB [19] achieved by entropy coding is accompanied by higher 

computational complexity. We concentrate on the DWT and quantizer blocks.  

 The channel is the stored or transmitted compressed bitstream. We consider 

the channel to be noiseless|the received DWT coeficients are free from errors. 

The synthesis stage reconstructs the image from the compressed data. The 

entropy decoder and IDWT invert the operations performed by the entropy 

encoder and DWT, respectively. 

 

Figure 2 : Block diagram of a wavelet based lossy compression system 

(a) Wavelet decomposition structure 

 Figure 3 shows the structure of a 1-level 2-D wavelet decomposition of an 

image. For multiple levels of decomposition, the LL band is iteratively 

decomposed; This results in a pyramid structure for the subbands with the 

coarsest subband at the top and the finest subband at the bottom. Figure 4 

illustrates the pyramid structure obtained after two-level 
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Figure 3 : 3-level 2-D decomposition 

         

Figure 4 : 2-level 2-D decomposition 

   

Figure 5: 3-level 2-D decomposition 
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decomposition of the image; It is noticed that the LL subband from the first 

stage has been transformed into 4 subbands- the three other subbands remain 

unchanged. Color gray in the figure corresponds to the value zero. 

 The multiresolution nature of the wavelet decomposition compacts the 

energy in the signal into a small number of wavelet coeficients. For natural 

images, much of the image energy is concentrated in the LL band that 

corresponds to the coarsest scale. This can be noticed in Figure 4. The LL band 

is not only a coarse approximation of the image but also contains most of the 

image's energy. In addition to this, it is also statistically observed that the energy 

in the finer subbands is also concentrated into a relatively small number of 

wavelet coefficients. The significant coeficients in the finer subbands do not 

occur at random, but rather tend to occur in clusters in the same relative spatial 

location in each of the higher frequency subbands. This self-similar, hierarchical 

nature of the wavelet transform can be used to make interband predictions; the 

location of the significant coeficients in the coarser bands is used to predict the 

location and magnitude of significant coeficients in finer subbands. 

III. SYSTEM ARCHITECTURE  

 

Figure 6 : Block diagram for the proposed Hierarchal coding system 
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 The proposed Hierarchal coding system as shown in fig 6.The Hierarchal 

Zero Wavelet output stream starts with information to be synchronized with the 

decoder. The minimum information required by the decoder for its functionality 

is the number of wavelet transforms levels used and the initial threshold, 

Basically a constant levels (3) of wavelet transform were used for 

transformation.  

 The first step in the Hierarchal Zero Wavelet coding algorithm is to 

determine the initial threshold.  

 The initial threshold t0 is given as       

 where MAX(|ϒ(x,y)|) means the maximum coefficient value in the image 

and (x,y) denotes the coefficient. 

 Then taking the obtained threshold as the initial value, the scaled sub-band 

samples are been passed for initial pass and intermediate pass. Under each pass, 

the threshold is decreased by half the value. This comparison is carried out until 

the threshold reaches to the minimum threshold, the algorithm implemented is;  

  threshold = initial_threshold; 

  do { 

    initial_pass(image); 

    intermediate_pass(image); 

    threshold = threshold/2; 

  } while (threshold > minimum_threshold); 

(A) INITIAL PASS 

 The image is scanned and a symbol is returned for every coefficient.If the 

coefficient is larger than the threshold, a P (positive) is coded. 
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1.  If the coefficient is smaller than negative of threshold an , N (negative) is 

coded. 

2.  If the coefficient is the root of a zero tree, then a T (zero tree) is coded and 

finally,  

3.  If the coefficient is smaller than the threshold but it is not the root of a zero 

tree, then a Z (isolated zero) is coded. This happens when the coefficient 

larger than the threshold in the sub tree. Finally, all the coefficients that are 

in positive value larger than the current threshold are extracted and placed 

without their sign on the intermediate list and their positions in the image 

are filled with zeroes. Which prevents them from being coded again.  

 The initial pass can thus be implemented as; 

   * Initial pass 

   initialize_fifo(); 

  while (fifo_not_empty)  

{ 

    get_coded_coefficient_from_fifo(); 

    if coefficient was coded as P, N or Z then  

 { 

      code_next_scan_coefficient(); 

      put_coded_coefficient_in_fifo(); 

      if coefficient was coded as P or N then 

     { 

        add abs(coefficient) to intermediate list; 

        set coefficient position to zero; 
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     } 

 } 

} 

After the initial pass follows the intermediate pass:  

Intermediate pass 

  intermediate_threshold = current_threshold/2; 

  for all elements on intermediate list do 

 { 

    if (coefficient > intermediate_threshold)  

    { 

      output a one; 

      coefficient=coefficient intermediate_threshold; 

    } 

    else output a zero; 

  } 

 If the threshold used is a power of two, then the intermediate pass reduces to 

a few logical operations and can be made very fast.  

 The decoding unit reconstructs the values by identifying the symbols as 

positive, negative, zero tree and isolated zerotree. The reconstructed values are 

taken as threshold for positive coded coefficients and negative of threshold for 

negative coded coefficients. The zerotree coefficients and  the isolated zerotree 

coefficients are assigned with 0 value. 
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IV. SIMULATION RESULTS 

CASE-1 

 INPUT PROPERTY: 

a)  Image Name     -  T128 

b)  Dimensions     - 128x128 

c)  Bit Depth        -  24 bits 

           

                (A)                               (B)   (C) 

Fig. 7 : (A) Original image (B) Wavelet based output  (C) Hierarchal zero 

coding output 

Compression for (B) % = 35                                       

Compression for (C) % = 67 

Computation time for (B) (sec)=23  

Computation time for (C) (sec)= 7  

Mean square error for (B) = 0.18    

Mean square error for (C) = 0.1 

CASE-2 

Input property: 

A) Image Name      -  t-256 
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B) Dimensions      -  256 x 256 

C) Bit Depth         -  24 bits 

 

           

           (A)                                       (B)                                                                  

 

                 (C)         

Fig 8:(A) Original image (B) Wavelet based output  (C) Hierarchal zero 

coding output 

Compression for (B)  % = 33                                  

Compression for (C)  % = 47 

Computation time for (B)   (sec)=4 

Computation time for (C) (Sec)=8  

Mean square error for (B)  = 0.45  

Mean square error for (C)  = 0.25 
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Figure 9: PSNR comparison plot 

 The above figure shows the PSNR improvement of proposed method 

compared to the conventional method . 

V. CONCLUSION 

 In this work observed that Hierarchical zero wavelet coding  is able to 

achieve good performance with a relatively simple algorithm. Hierarchical zero 

wavelet coding   does not require complicated bit allocation procedures like sub 

band coding. It also does not require training or codebook storage like vector 

quantization , and  require prior knowledge of the image source like wavelet 

based compression  (to optimize quantization tables). Hierarchical Zero Wavelet 

Coding   also has the desirable property, which results from its successive 

approximation quantization. 

 One desirable consequence of an embedded bit stream is that it is very easy 

to generate coded outputs with the exact desired size. Truncation of the coded 

output stream does not produce visual artifacts since the truncation only 

eliminates the least significant refinement bits of coefficients rather than 

eliminating entire coefficients as is done in subband coding. 
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 From the simulation results , it is concluded that Hierarchal Zero wavelet 

coding requires comparatively less(about 60%) time than the Wavelet Based 

Compression coding system. This coding also shows less percentage of error in 

retrieved image compare to the existing Wavelet Based Compression coding 

system. It is further observed that image coded with Hierarchal Zero Wavelet 

tree coding produces clearer image than other coding system. 
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