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Abstract: Problem statement: Nowadays a large number of various medical images are generated
from hospitals and medical centers with sophisticated image acquisition devices, the movement toward
digital images in radiology presents the problem of how to conveniently and economically store,
retrieve and transmit the volume of digital images. Thus digital image data compression is necessary in
order to solve this problem. So in a wide range of medical applications such as disease diagnostic and
during the compression process, the loss of information is unacceptable; hence medical images are
required to be at high resolution as possible. Instead of lossy compression with relatively high
compression ratio, mathematical lossless compression methods are favored in this field. Approach: In
this study, an efficient new lossless image coding algorithm using a simple technique was presented.
Our coding algorithm was based on pixel redundancy reduction by formulating two matrices only,
which were Gray Scale Matrix (GSM) and Binary Matrix (BM). These matrices had been used for
coding and decoding processes. Results: Results showed that the maximum compression ratio
achieved using the proposed method was 4:1, which was more efficient than the present lossless
techniques, moreover the computational complexity is greatly simplified; therefore producing very fast
coding and decoding. Conclusion: This algorithm was most suitable for those images where lossy
compression was avoided such as medical images used for teleradiology and other telemedicine
purposed and it can be applied to other medical modalities.
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INTRODUCTION
Medical imaging is a powerful and useful tool for
radiologists and consultants, allowing them to improve
and facilitate their diagnosis. Worldwide, X-ray images
represent 60% of the total amount of radiological
images, the remaining consists of more newly
developed image modalities such as Computed
Tomography (CT), Magnetic Resonance Imaging
(MRI),
Ultrasound
(US),
Positron
Emission
Tomography (PET), Nuclear Medicine (NM) and
Digital Subtraction Angiography (DSA)[1,2].
Image communication systems for medical images
have bandwidth and image size constraints that result in
time-consuming transmission of uncompressed raw
image data. Thus image compression is a key factor to
improve transmission speed and storage, but it risks
losing relevant medical information[3]. It exploits
common characteristics of most images that are the
neighboring picture elements or pixels are highly
correlated[4]. It means a typical still image contains a
large amount of spatial redundancy in plain areas where

adjacent pixels have almost the same values.
Compression techniques can be categorized into lossy
and lossless. Lossy techniques permit some signal
degradation and provide higher compression ratios in
comparison with lossless techniques. Lossless
compression techniques do not permit any loss of
information and allow the original signal to be
recovered exactly.
The choice of the compression method, lossy or
lossless, depends on the application. For example, in
applications dealing with speech signals and video
television images, where some loss of information can
be tolerated, lossy compression methods can be used.
On the other hand in a wide range of medical
applications and under special circumstances such as
disease diagnostic, the loss of information is
unacceptable; hence medical images are required to be
at high resolution as possible. Thus, rather than lossy
compression with relatively high compression ratio,
mathematical lossless compression methods are favored
in this field[5].
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In this study we present a new coding algorithm
for medical images. This algorithm is absolutely
lossless and based on pixel redundancy reduction using
only two matrices for coding and decoding processes
without affecting the quality of the resultant
reconstructed image.
Background: Compression is the process of storing or
packing data in a format that requires less space than the
initial file. Compression takes an input X and generates a
representation XC that hopefully requires fewer bits.
There is a reconstruction algorithm that operates on the
compressed representation XC to generate the
reconstruction Y and the performance of the algorithm
depends on the type of the compression technique.
Table 1 shows the need for sufficient storage space,
large transmission bandwidth and long transmission
time for image, audio and video data. At the present
state of technology, the only solution is to compress
multimedia data before its storage and transmission and
decompress it at the receiver for play back.
Teleradiology without compression: In teleradiology
applications, medical image compression is essential
despite of rapid growth in digital communication
systems performance, mass storage and processors
speed. The requirement for data storage capacity and
bandwidth continue to exceed the capability of
available technologies.
A radiologist would need to review personally all
the medical images at a computer workstation to make
sure that all possible information that might be
clinically important is reviewed at all combinations of
window level settings. Table 2 that data files of images
would become much larger and consequently retrieval
of images from archives will be slow. So, without
mathematical image compression, digital imaging
would be more expensive, less practical and less
attractive for the advantages it offers. Either
transmission time would be much longer or
telecommunication equipment and line charges would
be more expensive[8]. Therefore, teleradiology and

telemedicine would in many situations be impractical,
unacceptably slow and expensive[9].
Review of related work: In radiology the discussion of
image compression is divided into three separate
categories: Compression before primary diagnosis for
rapid transmission, compression after primary diagnosis
for long-term archiving and compression for database
browsing where progressive would be useful.
In the last two decades several scientific studies
have been performed to determine the degree of
compression that maintains the physical and diagnostic
image quality. Hundreds of research studies have been
published during that period of time reviewing the
existing techniques or presenting the new advances in the
field of medical image compression in both categories of
lossy and lossless. Short review to some published study
and research studies since 1990 is presented.
In 1991, a group from Japan carried out an analysis
study of computed radiography images and they
concluded that plain Computed Radiography (CR) chest
images with a compression ratio 10:1 are acceptable
using discrete cosine transform technique[10].
In 1994, Gillespy and Rowberg studied the
compression effect using the cosine transform on hand
radiographs. They concluded that no statistically
significant loss of diagnostic quality was detected for 8
or 7-bit compress images with average compression
ratios of 16:1 and 28:1[11].
In 1995, Breeuwer et al.[12] discussed the
diagnostic consequences of compression using cosine
transform. They reported that acceptable compression
ratio for image size of 2048, 1024 and 512 pixels were
25:1, 20:1 and 10:1 respectively based on a mean
square error of 0.02%. The researchers concluded that
reconstructed images from compressed image data with
a compression ratio of 4:1-16:1 did not result in
excessive visual degradation and therefore this
technique was suitable for compression of diagnostic
images[12].

Table 1: Memory space, transmission bandwidth and transmission time requirements for uncompressed multimedia data files[6]
Resolution
Uncompressed
Transmission
Multimedia data
Size
bit/pixel
size (bytes)
bandwidth
A paper of text
11''×8.5''
Varying resolution
4-8 KB
32-64 Kb page−1
Telephone quality speech
10 sec
8
80 KB
64 Kb sec−1
Gray scale image
512×512
8
262 KB
2.1 Mb image−1
Color image
512×512
24
786 KB
6.29 Mb image−1
Medical image
2048×1680
12
5.16 MB
41.3 Mb image−1
SHD image
2048×2048
24
12.58 MB
100 Mb image−1
Full-motion video
640×480
24
1.66GB
221Mbimage−1
(30 frames sec−1)
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Transmission
time
1.1-2.2 sec
22.2 sec
1 min 13 sec
3 min 39 sec
23 min 54 sec
58 min 15 sec
5 days 8 h
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Table 2: Sizes and storage requirement for radiological images[7]

shows that JPEG-2000 compression is more acceptable
and superior compared to JPEG for lossy
Image size Resolution
compression[18].
Modality
(pixels)
(bits/pixel)
Also in the 2002, Carlender and Christopoulos
CT
512×512
12
presented a Region Of Interest (ROI) coding method for
MRI
256×256
12
DSA
1000×1000
8
image compression using wavelets. This method was
US
512×512
6
applied for ROI areas varying from 8-25% and they
NM
128×128
8
noted a compression ratio of 16:1 up to 50:1 on
Computed
2000×2000 10
different non medical images such as Lena, Woman[19].
radiography
Digitized film 4000×4000 12
4
128.0
A 2003 r research suggested that the upper limit for
mammograms compression to be in the range 35-40:1.
These results were based on the Receiver Operating
In 1997, Erickson et al.[13] found that a lossy
Characteristics (ROC), as well as PSNR, RMSE and
compression of 40:1 or more could be used without
CR of 68 mammogram images[20].
perceptible loss in the representation of anatomical
In 2004, a wavelet transform based JPEG2000 was
structures.
used for testing 40 mammogram images at different
[14]
In 1999, Zhang and Wu
proposed a contentcompression ratios 1:1, 10:1, 20:1 and 30:1, with results
based compression of mammograms with a modified
reviewed by seven observers. No significant
wavelet based JPEG2000 using biorthogonal wavelets.
compression loss was noted up to 20:1 compression
The algorithm retained 90% of marked micro
ratio. The compression was applied to the images as a
calcifications and compression rates of up to 12:1 (for
whole and no prior segmentation was performed[21].
15% ROI segmentation) and 18.1 (for 10% ROI
In 2005, an efficient medical image compression
segmentation) were noted.
scheme was proposed, consisting of two stages. In the
In 2000, a comparison study between the new
first stage, a Differential Pulse Code Modulation
JPEG2000 and the conventional JPEG lossy compression
(DPCM) is used to decorrelate the raw image data and
was presented with application to a large series of CT
in the second the Huffman coding method is used to
and MRI images of the head. The author found that
encode the residual image. The compression ratio
JPEG and JPEG2000 were not substantially different in
achieved was higher than the existing lossless JPEG,
[15]
the maximum acceptable compression ratio .
ranging from 1.64 up to 3.12[22].
In 2001, a comparative study of image
In 2006, a new lossless compression technique was
compression between JPEG and wavelet was made. The
proposed for medical images. It was a hybrid of lossless
researchers of this study concluded that the wavelet
and lossy techniques using neural network vector
could achieve 2-3 times higher compression efficiency
quantization and Huffman coding. This technique was
than JPEG for higher compression ratios without
applied on CT images with a performance of 5~10
compromising image quality. The weakness of this
compression ratio[23].
study is that it performed on only one medical image
Also in 2006, another lossless medical image
modality, the X-ray. Moreover, the quality of the
compression technique based on redundancy analysis
reconstructed images has been evaluated using the
was proposed. This technique was based on the
objective measures without the subjective measure
segmentation of the image into Variable Block Size
which is still a method commonly used in measuring
(VBS) and then the smoothness and the similarity of the
[16]
image quality .
blocks were determined. This method works better by
In 2002, the same researchers published another
10-40% than other compression methods such as
study involving both objective and subjective measures
Huffman, JPEG-LL and Lossless JPEG-2000[24]
to evaluate compressed medical images. They
In 2007, another new compression method was
concluded that a compression ratio 20:1-30:1 is
proposed based on using wavelet transform,
acceptable for computed tomography images. This
Differential Pulse Code Modulation (DPCM) and
study was also applied for one type image modality
adaptive run length coding. The scheme utilizes
only[17]. In the same year, Hui and Besar studied the
biothogonal wavelet transforms to decompose the
compression performance of the new JPEG-2000 and
image signal, then uses run-length coding to compress
the more conventional JPEG applied on medical
the detail sub-bands[25]. The weakness of this method
images. The parameters used in their study for
comes from its computational load and complexity and
compression include the compression efficiency, Peak
the results obtained from applying this method on nonSignal-to-Noise Ratio (PSNR), Picture Quality Scale
medical images have not been compared with the
(PQS) and Mean Opinion Score (MOS). Their study
existing methods.
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Average
images
per exam
30
50
20
36
26
4

Average storage
requirement
per exam (MB)
15.0
6.5
20.0
9.0
0.4
32.0
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In 2008, Yao et al.[26] Introduced a new
compression method based on row by row pixel
classification and LZW encoding technique. In this
method, pixels of an image are classified row by row;
pixels similar in value are gathered and encoded by
LZW. The weakness of this method is its decoding
process complexity. Moreover, it has been tested only
on non medical images.
MATERIALS AND METHODS
Our algorithm is based on only two matrices,
binary matrix and grayscale matrix. The main steps of
the proposed algorithm are as follows:
Step 1: Read the original image matrix [OR]
Step 2: Construct the Binary Matrix [BM] and
Grayscale Matrix [GSM] based on the
following steps
Step 3: Compare each pixel in the matrix [OR] with the
previous pixel in the same matrix as shown in
Fig. 1
Step 4: The binary matrix elements are calculated as
follows:

[ BM ]i, j

0 if [OR]i, j = [OR]i, j+1 
=

1 otherwise


 nul if
[OR]i, j

[OR]i, j = [OR]i, j+1 

otherwise


(1)

(2)

[GSM]k

[ rec _ img ]i, j = 

[BM]i, j = 0 

[BM]i, j = 1

(3)

The performance of the proposed algorithm is
compared with other research results and predefined
software such as JPEG Lossless Encoder. The criteria
used for the comparison is the compression ratio
achieved which is defined as follows[4]:
Compression Ratio (CR) =

Original file size
Compressed file size

(4)

RESULTS
The proposed algorithm was implemented using
MATLAB[31]. The results are obtained from testing on
MRI and CT scan images. The original images are
grayscale images. The performance of the proposed
algorithm is compared with other research results. The
results comparisons are shows in Table 3 and 4. The
original and reconstructed images are shown in Fig. 2
and 3 respectively.

Method
Xiaofeng et al., method[22]
Ng and Cheng method[32]
Chang and Lin method[33]
S.Ganget al., method[34]
Yong et al., method[35]
Lurawave software[36]
JPEG encoder software[37]
Proposed algorithm

Technique
DPCM and HC
Sub-block interchange
Two-way smaller difference
DVQ and SPIHT coding
Interval number method
Wavelets-LS
JPEG-LS
Binary and gray scale matrix

Performance
1.64-3.12
1.44-1.52
1.64-1.70
2.75
2.12-2.38
1.49-2.84
2.71-2.98
3.75-4.06

Table 4: Performance comparison of proposed algorithm and existing
methods in terms of number of bits per pixel
Method
Yao method[26]
Zhang method[38]
Weinberger et al.[39]
method
Proposed algorithm

Fig. 1: Original image pixels comparison

if

[GSM]k +1 if

Table 3: Performance comparison of proposed algorithm and
existing methods in terms of compression ratio

Step 5: First element in [GSM] is set to be equal to the
value of the first pixel of [OR]
Step 6: The rest of the elements of [GSM] are
calculated as follows:

[GSM ]k = 

Step 7: The original image can be reconstructed as
follows:

Technique
Row by row classification
and LZW coding
Neighborhood block matching
LOCO-I

Performance (bpp)
6.60

Binary and gray scale matrix

2.00

Fig. 2: Original CT and MRI test images
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4.54
4.04
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4.

5.

6.
Fig. 3: Reconstructed CT and MRI Images using
proposed algorithm
7.
DISCUSSION
From Table 3 it can be seen that the achieved
compression ratio of the proposed algorithm is equal or
better than the compression ratios achieved using
existing lossless compression techniques. Moreover,
Table 4 shows that the number of bits required to
represent each pixel is much less compared with the
other methods. Finally, Fig. 2 and 3 shows that the
quality of the reconstructed images is identical to the
original images. The absolute difference of original and
reconstructed image has been calculated and the
obtained result was all zeros, which means that there is
no loss and indicating perfect reconstruction.

8.
9.
10.

11.

CONCLUSION
In this study an efficient, simple lossless image
coding technique is proposed with a remarkable
compression ratio and greatly reduced computation load
while keeping low complexity compared with other
methods. It is very useful for medical images where
disease diagnostic requires images to be at as high
resolution as possible. It can also be useful for
teleradiology and archiving purposes.

12.
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