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Abstract— As medical imaging facilities move towards move

complete filmless imaging and also generate a largeime
of image data through various advance medical nitds)
the ability to store, share and transfer images arcloud-
based system is essential for maximizing efficemnci The
major issue that arises in teleradiology is thefidifity of
transmitting large volume of medical data with tataly low
bandwidth. Image compression techniques have isetéhe
viability by reducing the bandwidth requirement aodst-
effective  delivery of medical images for
diagnosis.Wavelet transformation is widely usedhia fields
of image compression because they allow analysimages
at various levels of resolution and good charactécs. The
algorithm what is discussed in this paper employselet
toolbox of MATLAB. Multilevel decomposition of tivgginal
image is performed by using Haar wavelet transfard then
image is quantified and coded based on Huffmannigale.
The wavelet packet has been applied for reconstmiaf the
compressed image. The simulation results show that
algorithm has excellent effects in the image retoton
and better compression ratio and also study shokat t
valuable in medical image compression on cloudfpiat.

Keywords—Wavelet Packet, Discrete Wavelet TransformWavelet
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I.  INTRODUCTION

In recent years, many studies have been made oeletavAn
excellent overview of what wavelets have broughhtofields
as diverse as biomedical applications,
communications, computer graphics or turbulencgjven in
[1].

Image compression is one of the most visible appbos of
wavelets [2]. It is well known that medical imagifegilities

towards complete filmless imaging and that
compression plays a vital role for storing, transifg and
sharing the patient's images across the compusterayfor
primary diagnostics [3]-[6].

Compression is the process of reducing large dkgs ihto
smaller files for efficiency of storage and transsion. In
general, image compression techniques can be fadakssgito
two types, namely, lossy and lossless. In lossiesage
compression, the reconstructed image from the cesspd

primary data is identical to the original image. In losgmpression,

the reconstructed image from the compressed datatithe
same as that of original image. They are variochrigues
and methods employed for image compression in lostby
and lossless. Although lossy compression techniguelsl
high compression ratios, the medical community hasn
reluctant to adopt these techniques due to legks$ riand they
prefer to use lossless compression techniques tdelpy
compression rates. The aim and goal of the comipress
algorithm is to maximize the compression ratio amdimize
the mean square error of the image [7]-[9].

This paper presents comprehensive study with pedoce
analysis of medical image compression based onr&esc
Transform (DWT) and Huffman techniques.

image,Motivation to this work was seeking new methods of

gquantitative analysis of lossless image compression
medical images on cloud platform [3]. Wavelets appe be
a suitable tool for this task, because they allowalygsis of
images at various levels of resolution. Compressisn
achieved by the removal of redundant data. JPE®-20@

wirelessecently developed compression standard for stiiges that

is based on Discrete Wavelet Transform (DWT) teghei
[10]. DWT image compression includes decomposition
(transform of image), detail coefficients threshof] and
entropy encoding (Fig 1).
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Then all the coefficients are discarded, except the

coefficients that are transformed into the secavell (Fig 2).

To achieve the required compression ratio the Léffocients

are passed through a constant scaling factor [13].

DWT is computed with a cascade of filtering follavby a

factor 2 sub sampling [14]. In Fig 3, h (n) and)g@enotes
low-pass and high pass filters respectivdl®, denotes sub
sampling. DWT algorithm for two-dimensional pictarés

similar. The DWT is performed firstly for all imagews and

then for all columns as shown in the Fig 3.

Reconstructed
Image

Fig. 1 The process of Image Compression based on
Wavelet Transform

LL2{HL:]
| HL HL:
i ; 2 LH:{ HH:|
- HE, DWT 2 i DWT -
LH: HH1 LH! HH1
LH - Em\\ T2 LH HH 2 IDWT 2 o -

This paper is organized as follows. Sectiatis2usses the
fundamentals of Discrete Wavelet Transform (DWTct®n
3 talks about the proposed work and research melbgyl of
the hybrid algorithm. Section 4 cites the perforoerand
analysis of the implementation steps of the progose
algorithm. Section 5 gives the conclusion and fitwork.

.  DISCRETE WAVELETS TRANSFORM
Wavelets are functions defined over a finite inéérand have
an average value of zero. The basic idea of theeleav
transform is to represent any arbitrary functioh & a
superposition of a set of such wavelets or basistfons.
These basis functions or baby wavelets are obtdireed a
single prototype wavelet called the mother waveley,
dilations or contractions (scaling) and translaioshifts).
The main feature of DWT is multiscale representatif
function.

By using the wavelets, given function can be arelyat
various levels of resolution. The DWT is also irtide and
can be orthogonal [11]. Wavelet transform has estrgs
very powerful tool for data compression [12].

An image is a two Dimensional signal (2D) and tlet
considered to be matrices with N rows and M colunins
wavelet transform, decomposition of an image césgiEtwo
parts, one is lower frequency or approximation ofimage
(scaling function) and another is higher frequeacyletailed
part of an image (wavelet function). At every level
decomposition, the four sub-images are obtained
approximation (LL), the vertical detail (LH), theotizontal
detail (HL), and the diagonal detail (HH).

IstLevel Decomposition 2nd Level Decomposition 3rdLevel Decomposition
Fig. 2 Sub band notations in the hierarchical Wavel

Transform

The input signal (image), the high frequency congmis and

low frequency component are denoted by X (n), gaimj h

(n) respectively.

After applying forward discrete wavelet transforome can

employ proper method to process the image coeffisiéor

achieving effective compression [15]. For recorddtng (Fig

4) the coefficients are rescaled followed by paddiaros and

then passed through wavelet filter.
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ll.  PROPOSED WORK AND ENVIRONMENT

—
 Lisstens .. o = 5 T2 = EHTE
B Figure 2 Lossless Inage Compression for Medical App based on DWT2 by DRA.. =l
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The research methodology of the proposed work an Do HS B[R UDEA-3 0B =0
algorithm steps are summarized as follows: Ist level DWT2
1. Load Image in MATLAB using Image Acquisition
2. Covert RGB to Gray scale and draw histogram of th I

original image.

3. Apply multilevel decomposition using 2D- DWT based
on HAAR mother wavelet.

4. Apply histogram probability reduction function orGB
components using Mean intensities.

5. Apply Image quantization

6. Calculate probability index for each unique quamntit

7. Calculate unigue binary code of Huffman code farthea
unigue symbol.

8. Apply Huffman compression using Huffman tree.

9. Calculate CR, MSE and PSNR. Fig. 7 Decomposed Image after applying FDWT

The following figure gives the visual and quantitatresults

of the method considering the hybrid transformafmmblock  Figure 8 shows the reconstructed image after apgplyi

size 32x32. The test medical image (X-ray hand.jiy) dequantization, Huffman decoder and Inverse Discret

compressed and decompressed using the proposeddneth  Wavelet Transform (IDWT2). The mean squared erfahe

The following figures depict the output of the digfum in the  image between original and the reconstructed imagag

sequence of execution. with the histogram is displayed in order to find the visual

Figure 6 shows the original image and its grayescahverted and quantitative performance of the proposed cosspe

form (RGB to YCbCr transformation for the block sinf  algorithm.

32x32). The histogram of the image is used aseBtEr 10 o oo e e Wb e e

evaluate the mean squared error of the image. File dt Wiew Inseit Tools Desktop Window Help ] ~
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Fig. 6 Original Image and its Histogram IV. RESULTS AND DISCUSSIONS
The proposed image coding scheme is implementeatding
Figure 7 depicts the decomposed image after applyinto the description in section-Ill and tested wittiedent image
forward Discrete Wavelet Transform in the Firstdband formats of bench mark medical images. A set of testlical
second level of DWT2. images is shown in the Fig 9. The effectivenessthef
proposed method is elucidated by means of the empatal
Page| 22
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results. The proposed method is implemented in MABL
2014a. The input images used in the experimentadecX-
ray hand.jpg, CT brain.gif, MRI head.jpg, US liypg, X-ray
chest.jpg, and CT brain.png format.

N7

Xray_hand. CT_Brain. MRIiheed CT_Brain(png)

US_Liver Xray Chest

Fig. 9 Bench mark test medical images

Here compression ratio is measured in terms of BasPixel
(bpp) and image quality in terms of PSNR and vidigality
index [2]. Performance parameters of the
determined by measuring the compression ratio, pegial to
noise ratio and mean square error of the compreassages.

PENR

(MSE. Given a noise-freexn monochrome imagé and its
noisy approximatiok, MSEis defined as:

1 m—1n—1 o o
MSE = — SN G) - K(4,5))
C =0 j=0
The PSNR (in dB) is defined as:

MAX?
10 - lﬂglﬂ, (WE‘I

MAX
20 - lo
CE10 (V’—_MSE
= 20-logyo (MAX ;) — 10 - logyg ( MSE)
Here, MAX is the maximum possible pixel value of the
image. When the pixels are represented using 8 pats

images arsample, this is 255. Figure 10 shows the compaii$dSNR

versus types of medical image formats. Medical iesaghich
are stored in the JPEG formats give better PSNRegalthan

Table-1 summarizes the experimental performanceemundthose that are stored in the PNG format.

different image formats of medical images.

TABLE I. EXPERIMENTAIPERFORMANCE
UNDERDIFFERENTIMAGE FORMATSOF MEDICAL
IMAGES
Types ?T com
YOF; Image PSNR r?a pres Space
Forma | MSR . sed CR Saving
Image indb | )
S t siz size (%)
o | (D)
X-ray | jpofipe | 2.743 16
hand g 9E-27 313.75 I; 4 4 75
16
CT . 2.801
Brain gif oE.o7 | 31366 ; 4 4 75
MRI jpg/jpe | 3.531 12
head g 0E-27 312.65 I; 4 3 66.7
us- jpgfipe | 3.513 12
Liver g 0E-27 312.67 I; 4 3 66.7
X-ra jpg/ipe | 7.908 12
“ray | Jpgipe ) f- 30015 | K | 4 3 66.7
chest g 3E-27 B
20
CT 8.757
brain png 1E-27 308.71 8BK 4 52 98

The peak signal to noise ratio (PSNR) is the ragtween a
signal's maximum power and the power of the signadise.
PSNR is most easily defined via the mean squareor er

PSNR vs Types of Image Format
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Fig. 10 Comparison of PSNR versus types of meilicade
formats.

The compression ratio is the ratio of original ireag the

compressed image. The space saving of a compression

algorithm can be calculated in the following foraul

Compressed Size
Space Saving=1[1- — 1
Uncompressed Size

Figure 11 shows the comparison of space savingsuser
different types of medical image formats. The psgmb
algorithm shows that about 57.8% of space can hedsa
effectively without losing the quality of the image
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Percentage of Space savings vs Types of Medical Image Formats
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Fig. 11 Percentage of space savings versus Typasagfe
Formats

V. CONCLUSIONS AND FUTURE WORK
In this proposed paper, we are using hybrid allyovic
approach for medical image compression based otilewvel
decomposition using Haar wavelet transform and tdaff
variable entropy coding and the image reconstrandasodone
with wavelet packet. The experimental results slioat the
proposed hybrid algorithmic approach provides high
compression ratio, least mean square error (MSH)hbatter
Peak Signal to Noise ratio (PSNR) between origiaat
reconstructed image. There are various possibéztiins for
future investigations using evolutionary computatsuch as
Fuzzy Logic, Genetic Algorithms (GA) and Atrtificiddeural
Networks (ANN) in order to optimize compression
techniques.
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