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Abstract— The main objective of this research is to develop a 

novel and efficient algorithm for compressing medical images. 

Recent and rapid advances in electronic imaging have created a 

remarkable growth in medical field resulting in huge volume of 

high resolution medical images for accurate diagnosis. This calls 

for effective storage and effective transmission of medical images 

required by online applications like Telemedicine. The proposed 

method is a best choice for telemedicine applications to transmit 

the data efficiently. This paper presents a novel and efficient 

image coding using Haar Wavelet Transform(HWT) and Particle 

Swarm Optimization(PSO). Haar wavelet transform is a simple 

and effective approach for compressing medical images. Particle 

Swarm Optimization is an evolutionary computing algorithm to 

find the optimal solution for many complex problems. The 

novelty of the proposed method is that it exploits the advantages 

of the HWT, PSO, Residual Vector Quantization(RVQ) and Run 

Length Encoding(RLE) to achieve good compression ratio 

without compromising the quality required for medical image 

diagnosis. Optimum values for PSO acceleration coefficient 

parameters c1 and c2 are investigated for enhancing the image 

quality. The experimental results show that the proposed method 

achieved higher PSNR value and compression ratio for obtaining 

high-quality images for an efficient transmission. (Abstract) 

Keywords— Image Compression; Evolutionary Computing; 

Particle Swarm Optimization, Haar Wavelet transform, Residual 

Vector Quantization 

I.  INTRODUCTION  

Image compression gives a compact representation of 

digital images by exploiting the redundancy in the original 

data. Mainly, it results in reduction of bit rate to represent an 

image. Most of the internet applications require high 

bandwidth for voluminous data transfer.       

So, image compression plays a vital role in effective image 

storage and transmission. The process of image compression is 

presented in Fig.1. 
 

 

 

  

 

 

 

Fig.1. Process of Image Compression 

Though the recent developments in technology have 

resulted in reduction of data transmission and storage costs, 

massive data generation due to exponentially growing digital 

online applications still poses a challenge for their effective 

storage and transmission [1]. Image compression becomes a 
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unique solution for many imaging applications such as, 

document imaging management systems, facsimile 

transmission, image archiving, remote sensing, medical 

imaging, entertainment, HDTV, broadcasting, education and 

video teleconferencing [2-3]. Specifically, medical field has 

witnessed tremendous growth with state of the art imaging 

technologies for accurate diagnosis, which in turn demands 

efficient storage of medical images. Image compression 

technique is widely classified into two types such as, lossy and 

lossless compression. Various methods have been proposed 

for image compression based on Vector Quantization [4-6], 

Image Transforms [7-9] and Evolutionary computation 

techniques [10-15] for improving the quality of an image with 

a reduced storage space. 

The wavelet coding method is an efficient technique for 

lossy image compression. Wavelet transforms are used to 

enhance the quality of an image by providing a representation 

of data at various levels of details respectively. It decomposes 

an image data into a set of coefficient values which is 

considered as low and high-level magnitudes. Basically, low 

level magnitudes give a detail information for an image and 

high-level magnitudes provide its edge information. The basic 

process of wavelet decomposition is presented in Fig.2. 
 

Fig.2. Process of Wavelet Decomposition 

 

A. Haar Wavelet Transform 

The Haar Wavelet Transform (HWT) is a simple and 

efficient method in wavelet transform domain. The process of 

Haar wavelet is defined as sub-band transforms. This is used 

to partition the image into two regions such that one region 

has large numbers(average) and another has small 

numbers(detail) respectively. The average is a coarse 

resolution representation of the original image and the detail is 

the data needed to reconstruct the original image from this 

coarse resolution.  

 

An outline of the process of Haar Wavelet Transform 

   Step 1: Generate an array as n/2 pairs called (x,y) from  

               the given nxn input image matrix 

   Step 2: Calculate (x+y) / sqrt (2) for each pair, forming  

                the first half of the output array. 

   Step 3: Calculate (x-y) / sqrt (2) for each pair, forming  

                the second half. 

   Step 4: Repeat the process on the first half of the array  

                until the values reach 0 (or) 1. 

 

B. Particle Swarm Optimization 

The Particle Swarm Optimization(PSO) algorithm is a 

nature inspired algorithm originally proposed by Kennedy and 

Eberhart. Particle swarm optimization(PSO) technique is a fast 

and effective computing algorithm was originally proposed by 

Kennedy and Eberhart. It is a population based stochastic 

optimization technique similar to the evolutionary computing 

Genetic Algorithm(GA) and it has been proved to be an 

effective algorithm to find optimal solutions for compressing 

images.  

The PSO is initialized with a group of random particles 

and then searches for optimal solution by updating fitness 

value. In every iteration, each particle is updated by the two 

"best" values Gbest and Pbest. Gbest is defined as a global 

best solution among the entire swarm and Pbest is the "best" 

value obtained by each particle in the fitness calculation. The 

algorithm of particle swarm optimization is represented in 

Fig.3. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.3. Depiction of Particle Swarm Optimization Technique 

 

Initially, the particles are placed in the swarm of the n-

dimensional space by distributing them randomly in the search 

space. The social and cognitive component values are also 

determined at initialization time because they are constant 

throughout the optimization process. The inertia weight „w‟ 

parameter in the velocity update equation is based on the 

constrained values. After finding the velocity values, the 

position will be updated for the next iteration. 

It has been found out that PSO based compression 

algorithms achieve high compression with minimum distortion 

rate. Therefore, it is considered to be a better choice for many 
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image compression applications to find a better solution with 

low computation cost.  

C. Residual Vector Quantization 

Residual Vector Quantization (RVQ) is a multi-stage 

vector quantization technique [17]. The initial stage of VQ is 

implemented with a set of codebook structure and it 

decomposes an input vector stage-wise. This successive 

decomposition starts from the first stage, where an input 

vector is mapped to one of the code-vectors in the codebook of 

the first stage. The mapping of the input is done according to 

some distance criterion.  

The mapped code-vector of the first stage is subtracted 

from its input to yield a residual vector for the first stage. The 

residual is fed to the next stage as the input. This process 

continues for every subsequent stage, until the residual values 

are negligibly small or the desired number of stages is over. 

There are several methods proposed using Residual Vector 

Quantization(RVQ) technique [18-19] 

D. Related Work 

This section presents an overview of existing image 

compression methods based on Haar Wavelet Transform, 

Particle Swarm Optimization algorithm and Residual Vector 

Quantization. 

M. Mary Shanthi Rani and P. Chitra [7] proposed a novel 

image compression method based on Haar Wavelet and 

Residual Vector Quantization method.    Y. Shantikumar 

Singh et al. [8] developed an algorithm for image compression 

using Haar Transform. The author investigated the method of 

Haar wavelet transform for three different levels of HT scaling 

with varying quantization threshold encoding. PSO has been 

considered as a good option by researchers in solving 

optimization problems due to its simplicity and effectiveness. 

Fahima Tabassum et al. [9] proposed the method of Haar 

wavelet transform instead of DCT to transform the image into 

frequency domain for compressing images in a simplified 

approach which is proved that the haar wavelet transform is an 

efficient method than the DCT method. M.E.H. Pedersen and 

A.J. Chipperfield [10] described the modified approach of 

basic PSO and simplified the algorithm for efficiently tuning 

their parameters. Usually, the parameters play a key role in 

PSO algorithm for the progressive performance. Chun-Feng 

Wang and Kui Liu [11] proposed a novel particle swarm 

optimization technique for improving the global convergence 

speed by adding a chaotic search in the best solution of the 

current iteration. Peifeng Wu et al. [12] demonstrated an 

improved particle swarm optimization (IPSO) algorithm to 

solve reliability problems. The author describes the merits of 

the algorithm by stronger convergence and stability. Gao, Y., 

et al [13] investigated a selectively-informed PSO (SIPSO), in 

which the particles choose different learning strategies based 

on their connections. A densely-connected hub particle gets 

full information from all of its neighbors while a non-hub 

particle with few connections can only follow a single yet 

best-performed neighbor. Mojtaba Taherkhani et al. [14] 

proposed a novel stability-based adaptive inertia weight for 

particle swarm optimization which determines the inertia 

weight in different dimensions to improve that efficiency. 

Qian Chen et al. [15] described about a Particle Swarm 

Optimization (PSO) cluster method to build high quality 

codebook for image compression and also used the result of 

LBG algorithm to initialize global best particle by which it can 

speed up the convergence of PSO.  Yongjie Li et al. [16] 

proposed a random matrix in the compressive and subspace 

compressive detectors which is optimized based on the 

particle swarm optimization(PSO). 

Residual vector quantization is a multistage VQ process 

for enhancing the compression performance. A residual vector 

quantization based approach appropriate for unstructured 

vectors based on fast computing the asymmetric distance was 

proposed in Yongjian Chen et al. [17]. Liefu Ai et al. [18] 

proposed an optimized residual vector quantization-based 

approach for improving the quality of vector quantization and 

approximate nearest neighbor search. The author proves that 

the successive approach depends on each stage codebook 

which is iteratively optimized aiming at minimizing the 

overall quantization error.  M.Mary Shanthi Rani. [19-21] 

methods have been proposed for the progressive compression 

using Residual Vector Quantization (RVQ) to enhance the 

compression performance. 

The main objective of this research work is to enhance the 

image quality and compression ratio by implementing a hybrid 

scheme of Haar Wavelet Transform, PSO Algorithm and 

Residual Vector Quantization method.  

The rest of the paper is organized as follows: The process 

of proposed method is briefly described in Section II. The 

performance of the proposed method is demonstrated in 

Section III through the experimental results for various 

medical test images along with the comparative analysis with 

similar existing methods. Section IV concludes by presenting 

the merits and demerits of the proposed method with future 

enhancement. 

II. PROPOSED WORK 

This paper investigates an efficient method based on PSO 

and HWT to achieve a high-quality image. Residual Vector 

Quantization(RVQ) has been applied to enhance the 

compression ratio without compromising the quality of an 

image. 

The proposed algorithm typically has three phases. In the 

first phase, the Haar-Wavelet function is applied to an input 

image. The second phase applies Particle Swarm 
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Optimization(PSO) algorithm to the resulting approximation 

coefficient (AC) matrix. For further improving the quality of 

the image, residual vector quantization is applied to the AC 

matrix. Run-Length encoding is applied to the detail 

coefficient(DC) matrices in the third phase to enhance the 

compression ratio. 

In the first phase, the given image is transformed into four 

matrices; Approximation Coefficient (AC) matrix and three 

Detail Coefficient(DC) matrices by applying the Haar-

Wavelet transform. The approximation coefficient has the low 

frequency sub-bands. The AC matrix gives an approximated 

value of an image information and the detail coefficient(DC) 

matrix has the fine details like edge information which would 

be useful for reconstructing an original image perfectly.  

In the second phase, PSO is used for generating the 

codebook in vector quantization for compressing the AC 

matrix. It is divided into nxn blocks which is considered as a 

training set vector.  Generally, the initial cluster centers are 

chosen randomly to generate the codebook.  

In this proposed method, image blocks with high variance 

have been chosen for setting the initial cluster centroids. The 

initial cluster centroids are taken as the initial particles for 

PSO. The fitness function is the minimization of Euclidean 

distance between each block and the respective cluster 

centroid. Further, the algorithm searches for the optimal 

centroids iteratively. During each iteration, the value of 

individual best values and global best values are used for 

updating their position and velocity of each particle, with the 

following "Eq. (1)" and "Eq. (2)". 

 

           1 1 1 1 2 1 1i i i i iv wv t c v pbest t x t c g gbest t x t        (1) 

 

                             1 1i i ix t x t v t                                (2) 

where,  vi(t+1)  is the velocity of the particle i at iteration t, 

w is a weighting function known as inertia weight, c1 and c2 

are acceleration coefficient values. The values of v1 and g1 are 

set as 0.1 and v1
2
 respectively, which are found to be optimal 

values. xi (t+1) is the current position of particle i at iteration 

t+1,  pbesti(t) is defined as pbest (best value for the particle) of 

particle i at iteration t,  gbesti (t) is called as gbest (best value 

among the group) of the group at iteration t. 

The output of second phase is the set of optimal centroids 

which forms the PSO quantized codebook CPSO. The novel 

feature of the proposed PSO is the introduction of optimal 

values for c1(0.1) and c2(0.1) that yielded good quality 

centroids. In the third phase, residual vector quantization is 

applied to further improve the compression ratio without 

compromising the image quality. 

The residual vectors are obtained by computing the 

difference between the AC matrix code vector and the 

quantized code vectors in phase II. Further, VQ is applied to 

the residual vectors to generate the residual codebook CR. In 

the decoding stage, image vector is reconstructed using the 

following equation. 

 

                   
   

 
PSOC

RC i
R i i


 

                   (3) 

where, R(i) is the reconstructed vector from Master PSO 

code vector CPSO(i), CR(i) represents the residual code vector 

of the i
th

 input vector and „τ‟ is a tuning parameter. This tuning 

parameter is used to fine-tune the image quality, as PSNR 

varies with change in ' ' value. 

Finally, Run Length Encoding(RLE) is applied to the DC 

matrices for retaining the image quality with fine edge details. 

During the decoding process, the inverse haar function is 

applied to the AC and DC matrices for reconstructing the 

original image.  

A.  Proposed Algorithm 

The algorithms of the proposed methods are outlined 

below. 

Method I (HPSO) 

Haar Wavelet Process 

Phase I 

 

Step 1: Read an input image 

Step 2: Apply Haar Wavelet Transform for finding  

             Approximate coefficient(AC) and Detail  

             Coefficient(DC) matrices. 

 

PSO Algorithm Process 

Phase II 

 

Step 1: Divide the approximate coefficient(AC) matrix    

            into [n x n] blocks which form the training set  

            of vectors. 

Step 2: Find the variance of each block. 

Step 3: Find „N‟ blocks having high variance. 

Step 4: Apply Particle Swarm Optimization(PSO)  

            Algorithm to the training set. The total number  

            of image blocks of the AC matrix is considered  

            as the initial swarm size. 

Step 5: Calculate the fitness value which is the  

             Euclidian distance between vectors.  

Step 6: Find the pbest and gbest values using the fitness  

            value  

Step 7: Update the velocity and position according to  

             the eqn. (1) and (2). Go to step 3. 

Step 8: Repeat the process until the termination criteria  

            is satisfied.  

International Journal of Pure and Applied Mathematics Special Issue

3062



Step 9: Apply Run Length Encoding to the DC  

             matrices.   

 

Method II:(HPSORVQ) 

This method includes residual quantization in addition to 

Phase I and Phase II.  

Residual Vector Quantization process 

Phase III 

 

Step 1: Find the residual image between original and   

             the reconstructed image based on PSO  

             quantized codebook. 

Step 2: Apply VQ for the residual code vectors to   

             produce the residual codebook. 

Decoding process  

Step 4: Reconstruct the AC matrix with matching code  

             vectors in PSO and Residual codebooks. 

Step 5: Apply Run Length decoding to the DC matrices 

Step 5: Apply Inverse haar transform to the AC and DC  

             matrices. 

Step 6: Reconstruct the image. 

 

The compressed stream will consist of the master PSO 

quantized codebook and Residual codebook. The DC matrices 

are compressed using run length coding to further improve the 

compression ratio. 

 

B.  Proposed Flow Diagram 

The process of the proposed methods is pictorially 

represented in Fig.4 and 5. Encoding process is described in 

Fig. 4 flow diagram and Decoding process is briefly illustrated 

in Fig.5 flow diagram. 

Fig 4. Encoding Process of the Proposed Method 

 

 
 

Fig 5. Decoding Process of the Proposed Method 

III. RESULTS AND DISCUSSION 

The performance of the proposed methods have been 

investigated by experimenting on compressing five different 

medical images such as MRI_Brain, Mammogram Image, 

MRI_Knee, MRI_Spine and X-Ray Chest Image.  

The experimental results have been evaluated by using the 

compression performance metrics such as Peak Signal to 

Noise Ratio(PSNR), Compression Ratio(CR), Bit Rate(BR) 

and Computation Time(CT). The proposed work is compared 

with similar existing work and it has been observed that the 

proposed work achieves high PSNR with an acceptable 

compression ratio.  

Peak Signal Noise Ratio(PSNR) is used to evaluate the 

quality between the compressed and the original image. 

Generally, it is measured in decibels using Eq.(4).  

             

                               
10

255
20logPSNR

MSE
                       (4) 

 

Structural Similarity Index (SSIM) – SSIM is an effective 

metric for measuring the image quality using mean, standard 

deviation and correlation of the pixels in the original image 

and the reconstructed image using Eq. (5) 

 

 

                        

  
xy x y

2 2 2 2

x y x y

4 μ

σ μ
Q

 

 
                          (5) 

 

Compression Ratio(CR) - Compression Ratio finds the 

compressed range of the reconstructed image, which defines 

the achievement of compression by the proposed method. 

 

                         
  

  

Original Image size
CR

Compressed Image Size
                  (6) 

 

Bit-Rate(BR)/ Bits per pixel(Bpp) - Bit rate is used to find 

the minimum bits required for storing one pixel.  

 

 

              

      

Original Image Size in Pixels
Bpp

Total number of bits in Compressed image


                 (7) 

 

The performance analysis of the proposed method is 

presented in Table 1 for different medical images. The quality 
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of compressed and reconstructed image is analyzed using 

PSNR and SSIM values.  

The experimental result shows that the proposed method 

yields higher PSNR value with good compression ratio. From 

the observation in Table 1, it is obvious that the MRI_Spine 

image gives higher PSNR value and compression ratio than 

other medical images.  

Moreover, the compression ratio has increased 

significantly using proposed method. MRI_Brain and 

Mammogram Image has accomplished low bit-rate when 

compared to other medical images. 

TABLE I.  PERFORMANCE ANALYSIS OF THE PROPOSED METHOD  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1 reveals that the proposed methods HPSO and 

HPSO_RVQ yield PSNR values greater than 40 db, which is 

an acceptable range for medical image compression. It is also 

worth noting that the proposed methods achieve high 

compression ratios between (3-5) when compared to simple 

Haar based compression. Thus, the proposed methods stand a 

great choice for effective storage and transmission of medical 

images without compromise in the quality.  

Table 2 shows that the proposed method outperforms 

yielding high Compression Ratio and PSNR gain over similar 

existing methods [22]. Thus, the proposed method is a ideal 

choice for effective storage and transmission of medical 

images without compromise in the quality. 

 

 

 

 

 

 

 

 

 

 

 

 

TABLE II.  PERFORMANCE COMPARISION BETWEEN EXISTING AND  

PROPOSED METHOD  

 

Summarization of the results of the proposed method is 

graphically represented in Fig. 6,7 and 8.   

Image Methods 

Image Quality 
Compression 

Efficiency CT 

(In Sec) 
MSE 

PSNR  

(In db) 
SSIM CR BR 

MRI_Brain 

HWT  0 Inf. 1 1.3913 5.7500 0.013 

HPSO  5.659 40.603 0.936 6.3741 1.2551 5.655 

HPSO_RVQ  3.238 43.028 0.965 5.2072 1.5520 6.145 

MRI_Spine 

HWT 0 Inf. 1 1.6842 4.7500 0.020 

HPSO 2.254 44.602 0.999 3.9907 2.0047 5.714 

HPSO_RVQ  2.218 44.671 0.999 3.5248 2.2765 7.144 

MRI_Knee 

HWT 0 Inf. 1 1.4545 5.5000 0.019 

HPSO 4.848 41.275 0.606 3.7213 2.1498 8.608 

HPSO_RVQ  3.210 43.065 0.803 3.3066 2.4278 8.766 

Mammogram 

Image 

HWT 0 Inf. 1 1.4545 5.5000 0.007 

HPSO 5.310 40.880 0.529 5.2092 1.5358 5.398 

HPSO_RVQ  2.777 43.695 0.928 4.3447 1.8691 5.940 

X-ray Image 

HWT 0 Inf. 1 1.5238 5.2500 0.013 

HPSO 3.093 43.228 0.985 3.6359 2.2003 5.055 

HPSO_RVQ  1.562 46.195 0.998 3.2238 2.4971 6.011 

Methods File Size CR MSE PSNR MSSIM 

SBC 507540 0.9982 4.7579 41.3566 0.9879 

SVD 507544 0.9966 26.5623 33.8882 0.6425 

DCT 507544 0.9966 33.3463 32.9003 0.5248 

SPHIT 507540 0.9982 6.1109 40.2698 0.9508 

VQ 507408 0.9984 45.7102 31.5307 0.6591 

BTC 507452 0.9983 11.961 37.3531 0.882 

Proposed 

Method I 
524288 6.3741 5.659 40.603 0.9360 

Proposed 

Method II 
524288 5.2072 3.238 43.028 0.9650 
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Fig.6. Comparative Analysis of Compression Ratio between Existing and 

Proposed method 
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Fig.7 Comparative Analysis of PSNR Range between Existing and 

  Proposed method 
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Fig.8 Comparative Analysis of MSSIM between  
Existing and Proposed method  

 

 

The visual comparison of the performance of proposed 

methods for medical images such as MRI_Brain, MRI_Spine, 

Mammogram Image, MRI_Spine and X-Ray Chest Image 

have been shown in Fig.9,10,11,12 and 13 respectively. 
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IV. CONCLUSIONS 

 The proposed method is implemented in an effective 

way using particle swarm optimization algorithm and 

Haar wavelet transform. This method achieves high 

compression ratio than similar existing methods without 

compromising their quality. Medical diagnosis stresses 

the importance of quality images and so this method is a 

good choice for compressing medical images. This 

method is an ideal choice for efficient transfer of medical 

images in Telemedicine and other online imaging 

applications as well. 
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