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Abstract 
MRI image (Magnetic Resonance Imaging) as a universal body 
checkup method in modern medicine. It can help doctors to analyze 
the condition of patients as soon as possible. As the medical images, 
the MRI images have high quality and a large amount of data, which 
requires more transmission time and larger storage capacity. 

To reduce transmission time and storage capacity, the compression 
and decompression technology is applied. Now most MRI images are 
color, but most theses still use gray MRI images to research. 
Compressed color MRI images is a new research area. 

In this thesis, some basic theories of the compression technoloy and 
medical technology were firstly introduced, then basic strcture and 
kernel algorithm of Huffman coding were explained in detail. Finally, 
Huffman coding was implemented in MATLAB to compress and 
decompress the color MRI images.The result of the experiment 
shows that the Huffman coding in color MRI image compression can 
get high compression ratio and coding efficient. 
Keywords:  

    Huffman code,   MATLAB,  compression,  decompression  
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1  Chapter: 
Introduction 

As a common body checkup method in modern medicine [1], MRI 
(Magnetic Resonance Imaging) does not penetrate the human body 
and does not require radiation. It only scans the patients’ body to get 
organ images. It has good safety and wide range of application which 
can be used to checkup most diseases and injuries, needs low 
requirements on patients' physical condition. MRI is a very useful and 
extensive checkup method. Most of time, the MRI presents 2-
dimensional slices from top to bottom of patients’ organ. By linking 
2-dimensional slices, a 3-dimensional model can be built, which is 
3D MRI image.  
To be the medical digital images, the MRI images have higher quality, 
higher resolution and have a large amount of data that requires more 
transmission time and larger storage capacity. We can use 
compression technology in MRI images. When we get the MRI 
images, we can compress it before storage or transmission it into 
internet when we do not require to read the images. When patients 
come, doctor can download and decompress it before, or patients can 
download and take the MRI images to another hospital. 

Image compression is aimed to reduce the image redundancy and to 
minimize the image size in bytes. The lossless image compression 
allows reducing the required storage space as well as the time to 
transfer the image from a source to a destination without affecting 
image quality.  

Many compression methods can achieve this target, for example 
Huffman Coding [2], RLE (Run-Length-Encoding) [3], Arithmetic 
Coding [4], Predictive Coding [5], Transform Coding [6], LZW 
(Lempel-Ziv-Welch) Coding [7]. To avoid losing any detail after the 
compression, I want to use lossless compression, for example 
Huffman Coding, RLE (Run-Length-Encode) or Arithmetic Coding. 
Among these three coding schemes, I think Huffman Coding is most 
suitable, because the code of each symbol is unique, it will not be 
distorted by other code [8]. For example, there is a code ‘111’ in code 
table, and you cannot find the code ‘1’, ‘11’ and ‘1111’ in this table, 
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so that you will not worry to decode wrong symbol. That is why the 
error rate of Huffman coding is low. The arithmetic coding produce 
the code between [0,1) for whole image, where one error will lead to 
failure of decompressing of the whole image [9]. The weakness of 
RLE coding is that it cannot be applied to the images that are color 
complex [10]. If the images have great variation in color in the pixel 
sequence, the data of the encode image will be larger than the original 
image data. Considering that some MRI images have great color 
variation in a small part of the image, the RLE method might not be 
suitable for a wide range of MRI images. Therefore, I have chosen 
Huffman Coding to be my thesis project. 

1.1 Aim and objectives 

The main contribution of this research work is to compress color 
medical images instead of grey medical images. Now hospitals 
mostly use color images, but Huffman coding is most used to 
compress grey images. Investigate how to compress the color images 
into Huffman coding. 

The main aim of this research work is to select a method to compress 
and decompress the MRI images and to investigate the effect of the 
selected compression method on the medical images. This method 
will be chosen after literature survey of image compression methods 
and the MRI technology.  

The main objectives of this research work are to: 

 Find MRI images to be used as the project data. 

 Design the Huffman coding to compress and decompress the 
images. 

 Calculate the compression ratio, information entropy and 
average length of the code. 

 Investigate the relationship between the compression ratio and 
information entropy using different images of equal size in 
pixels and using the same image of different size in pixels. 
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1.2 Research questions  
 How to get suitable MRI images, for example suitable size is 

512x512 pixels [1] and in bmp file format and use it for the 
coding? 

 Does Huffman coding get a high compression ratio and coding 
efficient to all MRI images? 

 Use the same image with different size in pixels, will the 
compressing lead to different parameter results? 

  Do the compression ratio and information entropy have 
relationship by comparing the compressed image parameters? 

1.3 Method  
Following the literature survey of the Huffman coding and search 
the characteristic of MRI images by internet, find the MRI images 
by internet or other places. 
Implementation of image compression by Huffman coding using 
MATLAB. 

 Compression: compress the MRI images by Huffman coding 
and get a Huffman table. 

 Decompression: decompress the images by the code table. 
 Comparison: compare the information entropy and the 

compression ratio of the images and change the size of pixels 
of the image and calculate the information entropy to research 
the results. 
 

Make a conclusion about the validation, research the role of the 
Huffman coding plays in the medical image compression with 
different images. 
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2  Chapter: 
Theory 

2.1 Image compression technology 

The image is visual, intelligible and has amounts of information. The 
aim of researching image compression is to use less data to store, 
record and transmit the high quality of images. Image compression 
aims to reduce redundancy in an image and to minimize the image’s 
size in bytes, in order to decrease the transmission time and reduce 
storage capacity. 

Properties of digital images 

1) Images have a large amount of information, so the computer 
should have high computing power and storage capacity.  

2) Need high requirement for bandwidth of transmission. 

3) Because the pixels of the image may have a correlation between 
each other (or we can say have similar gray scale values), so the 
image compression potential is large.  

4) An image can be used in everywhere, for example, in our daily life, 
for example multimedia entertainment, in the technology field, such 
as aviation and military. It has high usability, good reproducibility, is 
now the most accessible communication way in our life. Its 
application areas will be expanded with human being activities. 

2.1.1 Image compression 

Previously, we have said that the amount of image information is 
large, in order to reduce the transmission time, the images should be 
compressed. 

Nowadays, digital images are widely used, not only storage capacity 
is a problem, but transmission time is also a problem, such as military 
investigation images provided by radar and aircraft, video telephone, 
graphic information (with education, business, management), 
weather maps. Those types of images can be shared by transmission.  
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To transport and store those data, without loss of the quality and 
speed, it is necessary to transport as much images for the given  
bandwidth as possible. I pursue the final purpose to compress as 
much data as possible and the image after compressing will not loss 
any detail. 

2.1.2 Redundancy 

Information founder Shannon [11] has said 

Data = Information + Redundancy   

Redundancy is the correlation between the pixels of each image. 
Using Huffman coding to reduce these redundancies, we can achieve 
the purpose of image compression. 

There are several types of redundancy [11]:  

1) Space Redundancy, which refers to the correlation between pixels. 

2) Time Redundancy, which is the correlation between two 
consecutive frames of the video. 

3) Information Entropy Redundancy, which is caused by fact that the 
times of each gray scales appear in the image is different. 

4) Visual Redundancy, as some of the image distortion is difficult to 
detect by eye. 

2.1.3 Principles of image compression 

1) Correlation of the digital images. There may exists a strong 
correlation in the same row of adjacent pixels. Remove these 
correlations (it means removing the redundancy) to achieve image 
compression. This correlation for the digital image is the space 
redundancy. 
2) Human vision physiologic property. Human vision is not sensitive 
for the change of the shape edge of the things, has a poor resolution 
of color.  Using this property to reduce part of the coding accuracy 
also can achieve the purpose of compression. 
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2.1.4 Compression coding 

Compression coding can be classified into lossless compression and 
lossy compression [11]. Lossless compression only reduces data 
redundancy, so decompressed images have not any distortion. This 
compression mostly uses the statistical features of the data to 
compress images. It is mainly used to compress the image of precious 
historical relics. Lossy compression has a higher compression ratio 
than lossless compression, but the images will have 
distortiondecompression. 

Lossless compression examples are Huffman coding, RLE coding, 
Count coding. Lossy compression examples are Predictive coding, 
Transform coding, LZW coding, Vector Quantization coding, Sub-
band coding. 

Next I will briefly describe those coding algorithms after the 
literature. 

2.1.4.1 Huffman coding  
This coding is proposed by David A. Huffman in 1951 [12]. It is 
based on the probability of the signal in the source data to generate 
different lengths of code. (The higher the probability, the shorter the 
length of code, and the lower the probability, the longer the code 
length). 

For instance, a signal is compressed by this coding. If the probability 
of ‘a’ in this signal is the highest and the code length is the shortest, 
expressed it in 1 bit. ‘e’ has the lowest probability in this signal, 
assigned to the longest code length, up to 25 bits. Compare to the 
original signal, one letter needs 8 bits in ASCII code. After encoding, 
‘a’ only takes up 1/8 bit of original capacity, and ‘e’ needs 3*8 bits 
of the capacity. However, if the probability of the letter can be 
estimated, the compression ratio of lossless compression can be 
improved greatly.  

This coding is only applied for simple character, it is not used for 
repetitive characters or strings. The bit number of unit pixel from this 
coding is closest to the image entropy. 
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2.1.4.2 RLE coding (RUN-Length-Encoding)  
This coding [3], [10] is used for a variety of image format data 
compression. It is one of the simplest methods of image compression. 

The principle is to find consecutive values in the image data, then 
replace these repeated values with a 2-character value. For example, 
a signal ‘aaabbceedfffee’ after compression, it becomes 
‘3a2b1c2e1d3f2e’. 

But the disadvantage of this coding is that when the signal has not 
enough repeated data, it is difficult to achieve a better compression 
ratio, may even lead to get more bytes than before compression, such 
as ‘abcde’ is ‘1a1b1c1d1e’ after compression. We can say that the 
compression efficiency of this coding is closely related to the 
distribution of image data. 

2.1.4.3 Arithmetic coding 
This coding [9] is a lossless compression method, the difference from 
Huffman coding is that Huffman coding divides the input signal into 
source signal symbols, encodes each symbol, but this coding encodes 
the whole input signal and give an output code with a decimal 
between 0~1. 

Compared with Huffman Coding, Arithmetic Coding has a more 
complex calculation. Because the final output code is a decimal, if 
the decimal is wrong, the decompressed image will not be the original 
image, so it makes a higher error rate. 

2.1.4.4 Predictive coding 
This coding is one of the most widely used in compression techniques 
[5]. There are 3 types of coding: PCM (Pulse Code modulation), 
DPCM (Differential Pulse Code modulation) and ADPCM (Adaptive 
Differential Pulse Code modulation). 

These three coding schemes are all suitable for the compression of 
sound and image data, because the data is obtained by sampling, the 
difference between adjacent samples is not large. Because of this, 
adjacent pixels have great correlation, so that a large amount of 
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information about a pixel can be found from the adjacent pixels of 
this pixel.  

This coding does not transmit the actual pixel values in the image 
(such as chrominance and brightness), it transmits the difference 
between the actual pixel and the predicted pixel (prediction error). 
This coding is divided by non-distortion coding and distortion coding. 
The difference between them is that non-distortion coding will not 
quantify the prediction error, so it will not lose any information. 

2.1.4.5 Transform coding 
While predictive coding is used to remove the time redundancy, 
transform coding is to remove the space redundancy [6]. It is using 
DFT (Discrete Fourier Transform) or DCT (Discrete Cosine 
Transform) to transform the image signal from time domain to 
frequency domain. Because most of the signal in images is low-
frequency signal, in the frequency domain, this signal will be 
concentrated. The signal presentation in the frequency domain can be 
sampled, encoded, so that the images can be  compressed. 

2.1.4.6 LZW coding (Lempel-Ziv-Welch Encoding) 
This coding is a lossless compression method created by Abraham 
Lempel, Jacob Ziv and Terry Welch [7]. It is a string table 
compression; put the first string into a string table with a number to 
represent this string; the compressed file only stores this number, it 
can improve the compression ratio greatly. Its property is whether the 
decompression or compression process, it can establish the string 
table correctly, after compression or decompression, the string table 
will be discarded. 

Assume that there is a 'print' string represented by '266' in 
compression, when next time the 'print' string appears, using '266' 
instead of this string and saving '266' into the string table. When '266' 
is encountered in decompression processing, 'print' will be found 
from the string table and used directly. 
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2.1.4.7 Vector quantization coding 
This coding is based on the amount of points that are quantized at the 
same time, because of the high correlation between the adjacent 
image pixels. The input image data are divided into many sequences, 
each sequence has m data to form a m-bit vector to be encoded. 
However, this coding calculation is too complex and the amount of 
data is large [13]. 

2.1.4.8 Sub-band coding 
The same band-pass filter divides the Fourier spectrum of the input 
image into several consequent bands. Each band is called sub-band. 
The image signals of each sub-band are encoded separately. 

There are some properties of sub-band coding [14]. Firstly, each sub-
band of the image signal is adaptive controlled separately, the range 
of quantization can be adjusted by according to the energy level of 
each sub-band (a higher energy level of the sub-band is quantified by 
a large quantization to reduce the total quantization noise.)  

Secondly, depending on the importance of each sub-band signal, each 
sub-band is assigned a different number of bits to represent each 
sample value. In the low-frequency sub-band, using the smaller 
quantization to protect the edge structure of the image, get more bits 
to represent the sample value. In the high-frequency sub-band where 
appears the noise and details of the image, choosing the less number 
of bits to represent the sample value. 

Lastly, the noise of each sub-band is contained to its own sub-band, 
even if the signal energy of one sub-band is small, it will not be 
covered by the noise from another sub-band. 

2.1.5  Some conclusion about lossless compression 

Different lossless compression codings will get different 
compression ratio. I investigate the literature about different lossless 
compression where the authors use ‘Lena’ image as example. Using 
wavelet transform and arithmetic coding, the compression ratio of 
that image is 1.72; using DPCM and arithmetic coding, the 
compression ratio is 1.8733 [15].  In order to compare the 
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compression effect of Huffman coding, I will use Huffman coding to 
compress ‘Lena’ as well. 

2.2 The MRI image 

2.2.1 What is PACS 

Storage and transmission medical MRI image is part of PACS 
(Picture Archiving and Communication System) which uses 
computer and internet technology to process the medical images. It is 
planed to replace the tranditional medical image system [16]. 

The idea of establishing PACS is because of two factors, one is to use 
the image equipment to receive medical digital images directly, 
another is the development of computer technology to ensure secure 
storage, communication and display of large capacity digital 
information. 

Different PACS has a distinct requirement of digital medical image 
accuracy. For MRI image, the size is 512x512 pixels, resolution is 
4096 ppi (pixels per inch), the color images most are RGB images 
[1]. 

In traditional medical image system, the image storage media is film 
and tape. But those media occupy more and more physical space, 
which makes problems for storage and searching [17]. It is difficult 
to search the medical images in different places when doctors want 
to observe the images produced by different examinations of the same 
patient. The traditional storage and management systems have a 
higher loss probability and lower utilization rate. It is difficult to treat 
a patient in another place by using old media storage form. 

Nowadays, computer and communication equipment have been 
utilized everywhere, under conditions of increasing economic and 
medical requirement, hospital’s demand for PACS is also increasing. 

2.2.2  PACS standard  

Following the development of internet technology, PACS developed 
a format standard for digital medical images, ‘ACR_NEMA 2.0’ 
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(American College of Radiologists & The National Electrical 
Manufacturers Association) in 1988, also developed a format 
standard for communication, ‘DICOM 3.0’ (Digital Imaging 
Communication in Medicine) in 1993 [18]. 

ACR_NEMA are two organizations. They proposed the 
ACR_NEMA standard to share the medical images. Now, all medical 
images in everywhere are followed by this standard for storage. 

Each group of ACR_NEMA is consisted of various units. Each unit 
describes one of properties of medical images. Like patient name, 
scanning sites, image size and original image data. 

The establishment of the DICOM 3.0 standard provides a unified 
standard for the transfer of medical images and various digital 
information between computers. By connecting to the Internet 
through a data interface, it is possible to carry out remote 
transmission of medical image information and realize remote 
consultation. 

2.2.3  The usefulness of DICOM  

The DICOM standard is the principal standard of exchanging the 
medical image data. It defined the format of the patients information 
and their inspection information data, the head data of related image 
parameter and image data. It also defined the exchanging way of 
images to collect, store and communicate images more convenience 
in computer processing [19]. 

The PACS principal task is to use the DICOM 3.0 international 
standard interface to store all kinds of medical images generated by 
the hospital's imaging department digitally in large quantity.  When 
someone needs the images, the images can be quickly recalled under 
certain authorization. 

The normal format of the medical image depends on imaging 
equipment company. Like some main medical equipment companies, 
GE, PHILIPS, Siemens, Kodak, they use DICOM data format (.dcm). 
However, due to the fact that the DICOM data format is too large, 
before analysis the data, the MRI image needs to be changed to other 
formats [20]. 
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2.2.4  Pre-transfer technology 

Hospital information system is a complex system. Hospital uses 
PACS to offer medical information to doctors for teaching and 
research. When doctors look over the images, they also need to read 
patient cases and reports. It is important to connect PACS with other 
hospital information systems [20]. 

Medical images have a large amount of data. They need wide network 
bandwidth resources to be transported. When a doctor download the 
information to know patient situation, the system will spend more 
time to transfer the information at transmission peak periods. To 
improve efficiency, the hospital will use pre-transfer technology, 
according to patients’ appointment, the system transfers patients 
information at transmission during period before patient comes.   

2.2.5  Compression technology 

To achieve pre-transfer technology, it is important that PACS must 
communicate with other hospital information systems. However, the 
medical image has large data that makes storage, transmission and 
displaying images to be the PACS technology problem. Image 
compression technology can deal with those problem, like static 
image JPEG standard, dynamic image MPEG1, MPEG2, MPEG4 
algorithm, those are widely used in entertainment, game and internet 
[20].  

Medical images are depend on the medical diagnosis reliability. In 
DICOM standard, we most use lossless JPEG compression. Like 
Huffman coding and DCT to compress images. 

2.2.6 Literature study 

There are several researches conducted on the digital medical image 
compression. Several compression methods have been recently 
proposed to compress the medical images using JPEG2000 with ROI 
(region of interest) coding [21], integer wavelet transform [22], 
neural network algorithm [23], Contourlet transform and SPIHT [24]. 
Some of those methods can be coded directly, such as integer wavelet 
transform [22]. Some of the methods can be combined together, for 
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example neural network algorithm [23], the method based on 
Contourlet transform and hierarchical trees (SPIHT) algorithm [24] 
and JPEG2000 with ROI coding [21]. This research shows each 
advantages of the compression methods. 

Bo-qiang Liu and Xia-mei Li researched on the application of integer 
wavelet transform in medical image compression.  By researching 
integer wavelet transform theory and medical image characteristics, 
they adopted 5/3 biorthogonal wavelet basis, which can realize either 
lossless compression or lossy compression. Experimental results 
show that the application of integer wavelet transform in image 
compression can help to avoid rounding error of computer and it is 
beneficial to medical image lossless compression [22].   

Lei Xu and Zhi-zhong Hu explained the basic structure and kernel 
algorithm of JPEG2000 in detail. Then they set up the algorithm of 
JPEG2000 by C language, analyze the standard images and the 
medical MRI images by using this experiment platform. The result of 
the experiment shows that the JPEG2000 standard not only surpasses 
the existing JPEG standard in compression rate, but also has 
prominent compression effect under the low bit-rate. Particularly the 
progressive transmission and ROI coding supported by JPEG2000 
standard have great value in medical image compression and remote 
medical treatment, which validates that is has possibilities and 
advantages to adopt JPEG2000 in the PACS [21].  

Guo-li LI and Shi-fang Wang designed and realized an evolutional 
neural network algorithm which based on genetic algorithm. This 
algorithm combines genetic algorithm with BP (Backpropagation) 
neural network, applies to image compression after neural network 
weights are optimized by genetic algorithm. The experimental results 
show that the hybrid algorithm can get higher compression rate and 
better effect in image compression compare with traditional BP 
neural network [23].  

Ming Tang, Xiu-mei Chen and Feng Chen proposed a novel image 
compression method based on Contourlet transform and set 
partitioning in hierarchical trees (SPIHT) algorithm was proposed for 
medical images and used the method to ROI compression. 
Experimental results demonstrate that their algorithm is practical and 
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effective for medical images, which is a good balance for compressed 
image quality and compression ratio [24].   

2.2.7  Some conclusions about medical images 

Now medical image compression algorithms in use are mostly 
lossless compression, but lossy compression also can be used in 
medical image, for example using JPEG compression with DCT 
(Discrete Cosine Transform) [25].  

The table 2-1 shows the results of DCT lossy compression with 3 
images [25]. 

 
Table 2-1  JPEG compression [25] 

 
Following the table 2-1, it is not difficult to see that the 
compression ratio and PSNR (peak signal-to-noise ratio) of the 
JPEG, the difference is not too large for the compression ratio. 
The PSNR for compression of ‘Lena’, see Figure 2-2, and chest 
MRI images, see Figure 2-3 is significantly larger than that of 
human brain MRI image, see Figure 2-1. The greater the PSNR, 
the better the quality of reconstructing the image. 
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Also medical images can use JPEG compression with wavelet 
transform [25] to compress. Because of the properties of medical 
image, the wavelet transform can be used in ROI. ROI is a method to 
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separate the interest areas and background areas manually and 
automatically. We can achieve a low compression ratio or even 
lossless compression coding for ROI in order to obtain a high-quality 
reconstruction image, and use a higher compression rate in other 
regions. This can greatly reduce the image size and save storage space 
efficiently. At the same time, save important diagnostic information. 

The table 2-2 and Figure 2-4 show that the coding of ROI [26] can 
allocate a limited number of bits to the area of the doctor's most 
interest, so that the PSNR of the ROI has been greatly improved, in 
line with the observation needs of doctors. It can greatly reduce the 
amount of data of the entire image under the condition of ensuring 
the image quality of ROI, saves a lot of resources, and is an 
effective method to solve the contradiction between high image 
quality and high compression ratio of medical images. It is 
important for medical image compression. This compression 
method has the practical significance and application value. 
  
Table 2-2 PSNR of each part of the image in different bit rate [26] 
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2.2.8 Main equipment of PACS 

The quality of PACS image depends on the medical image collection 
equipment. Some digital images like CT, MRI, CR, DSA can be 
acquired from equipment directly, most film images should use a film 
scanner to import information to PACS. 

After collecting the medical images to import them in PACS, the 
images are stored in a large capacity data storage equipment which is 
a principal part in the image management system, like a large 
capacity hard disk is the best equipment to store image online. 
Additional equipments, like microcomputers, image workstations 
and network switchs which are the universal computers and 
communication equipment. 

Using PACS can reduce using film and transfer images significantly. 
Doctors can transfer the images they need everywhere. 
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2.2.9 PACS for storage and transmission of images 

Medical image types can be divided into 8bit black and white, 12bit 
black and white and 24bit color.  8bit black and white and 24bit color 
can use file storage format in WINDOWS standard [16]. 

DICOM provides the standard for storage and transmission of images, 
including standard transmission media and internet communication. 
The transmission media called DICOM STORAGE which is a 
structural standard of the file system. This media can be used in 
UNIX/MAC/WINDOWS, this media can be CD, MO, DVD and 
TAPE. The standard internet communication used is a LAN (local 
area network). 

To solve the problem with storage and save space, PACS uses its own 
special file format. This does not affect the compatibility of the PACS 
system, because DICOM standard is used to communicate files in 
every hospital. 

2.2.10  Collection of images 

The image collection can be separated by static images (digital 
medical images) and dynamic images (echocardiography). The way 
of the collection can be divided by digital image collection and video 
image collection [16]. 

After collection, the images should be stored in physical media like 
servers or disks with some kind of format and principle. The storage 
file format can be TIF, TGA, GIF, PCX, BMP, AVI, MPEG, JPEG, 
DICOM. Most time, we use AVI and DICOM format. 
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3 Chapter: 
Implementation 

3.1 Creation of the Huffman Tree 

In this thesis, I use the Huffman method to compress the color 
medical image.  

The method starts by building a list of all the color symbols in 
descending order of their probabilities. It then constructs a tree, with 
a symbol at every leaf, from the bottom up. This is done in steps, 
where at each step the two symbols with smallest probabilities are 
selected, added to the top of the partial tree, deleted from the list, and 
replaced with a color symbol representing both of them. When the 
list is reduced to just one color symbol (representing the entire color), 
the tree is complete. The tree is then traversed to determine the codes 
of the symbols.  

This is best illustrated by an example. Given five symbols with 
probabilities as shown in Figure 3-1, they are paired in the following 
order:  

1. a-4 is combined with a-6 and both are replaced by the combined 
symbol a-64, whose probability is 0.2. 

2. There are now four symbols left, a-1, a-5, a-64 and a-2, with 
probabilities 0.4, 0.25, 0.2 and 0.15, respectively. We arbitrarily 
select a-2 and a-64, combine them and replace them with the 
auxiliary symbol a-642, whose probability is 0.35.  

3. Three symbols are now left, a-1, a-5, and a-642, with probabilities 
0.4, 0.25, and 0.35, respectively. We arbitrarily select a-5 and a-
642, combine them and replace them with the auxiliary symbol a-
6425, whose probability is 0.6. 

4. Finally, we combine the two remaining symbols, a-1 and a-6425, 
and replace them with a-64251 with probability 1. 

The tree is now complete. It is shown in Figure 3-1 “lying on its side” 
with the root on the right and the five leaves on the left. To assign the 
codes, we arbitrarily assign a bit of 1 to the top edge, and a bit of 0 to 
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the bottom edge, of every pair of edges. This results in the codes 0, 
10, 110, 1111, and 1110. The assignments of bits to the edges is 
arbitrary. 

Then we can calculate the average length of code 

 

where  is the code length of  the symbol and is the probability 
of the symbol. 

The average length    of this code is 0.4 × 1 + 0.25 × 2 + 0.15 × 
3 + 0.1 × 4 + 0.1 × 4 =2.15 bits/symbol. 

 

3.2  Calculation of the parameters 

3.2.1  The information and information entropy 

In order to compare the difference in compression effect of Huffman 
Coding on different color medical images. Several parameters should 
be calculated such as infromation entropy, rendundancy,compression 
ratio and compression efficient. 
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First, we need to calculate the information of each symbol, the 
formula is 

where  is the symbol in the input vector and  is the probability 
of  . 

The equation (3.2.1) is the information of each symbol. In our 
example using (3.2.1), we can calculate the information of symbols 
in the input vector. 

For example the symbol 6, see the Figure 3-1, has the probability 0.1. 
The information of the symbol 6 is 

 

After estimating information of the individual symbols, we can 
calculate the information entropy of the input vector which is the 
average information of the symbols in the input vector. 

 

The equation (3.2.3) is the information entropy, in our example, the 
example of the calculation is shown below. 

 

                                                                                                      
(3.2.4) 

I make a table to show the parameters of the symbols in the example 
input vector. 
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Table 3-1 the information entropy of input vector 

S  P I P*I H(s) 

4  0.1 3.321928 0.332193 

2.103702 

6  0.1 3.321928 0.332193 

2  0.15 2.736966 0.410545 

5  0.25 2 0.5 

1  0.4 1.321928 0.528771 

According to the Shannon first theorem, 

 

For the symbols in the example, shown in the Figure 3-1 in the section 
3.1, we have calculated the average length  of the symbols as 
2.15, it is conformed by the formula (3.2.5) that our calculation is 
correct. 

3.2.2  The redundancy and remaining redundancy 

Then we need to calculate the redundancy. Redundancy is the 
correlation between the pixels of each image. Remaining redundancy 
is the redundancy which is remained after compressing the signal 
source according to  

 

Equation  is about calculating redundancy, using this equation 
can calculation redundancy and remaining redundancy. 

Using the Huffman coding to estimate, L= =2.15, the coding 
remaining redundancy is evaluated as 

 



 

31 
 

Without using the Huffman coding, for the image with 5 bit color 
representation ( 2^5=32 colors), the fixed code length is  
Therefore the original remaining redundancy is 

 

Here we can see that the remaining redundancy in the original image 
is R=2.9, after using Huffman coding, most redundancy has been 
reduced down to remained redundancy  =0.05. 

3.2.3  Compression ratio and compression efficient 

Here we need to know the Huffman Coding compression effect on 
medical images. Compression ratio and compression efficiency can 
be used to measure that effect. 

Compression ratio is the essential standard for measuring the degree 
of compression of data methods, and it reflects the compression 
efficiency of data.[27] according to  

where M and N are the rows and columns in the input image,  is 
the code length of the original image,   is the code length of the 
compressed image,  is the average code length of the original 
image and   is the average code length of the compressed image. 

In Huffman coding,  is  which is calculated in chapter 3.1,   
is related by the number of symbols in input image, ie. if the image is 
a 32 color image, the fixed code length is  

If we still use the example in chapter 3.1 with =2.15, we can 
evaluate the compression ratio  

 

The greater is the value of , the higher is the compression efficiency. 

The effect of Huffman coding on the different images can be studied 
not only through compression ratio, but also by using coding 
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efficiency. With different signal source, the coding efficiency is 
different, when the symbol probabilities of signal source are , 
the coding efficiency will be 100%, if the symbol probabilities of 
signal source are the same, the coding efficiency is the lowest.[28] 

The equation 3.2.11 is the formula of coding efficiency 

 

where H(s) is information entropy which is calculated by (3.2.3),  
is the average code length of Huffman coding. 

If we still use the example in chapter 3.1with =2.15, H(s)=2.1 
then we can calculate the coding efficient  in procents according to 

Using parameters (the average of the code, information entropy, 
redundancy, remained redundancy, compression ratio and coding 
efficiency), we can research the effect of the compression by 
Huffman Coding technique on each image. 

3.3 Huffman decoding 
Huffman decoding only needs to receive the compressed code and 
its own code table, then the original data can be decoded from the 
compressed data. 
 

Table 3-2 the Huffman code table 

Using the table to find the corresponding decompression code: 
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Table 3-3 hand calculation of decompression 
string 

 
decompressed 

 

3.4 Huffman coding by using MATLAB 

To make a conclusion about the effect of using the Huffman Coding 
to compress and decompress the MRI images with different size in 
pixels and different images of the same size in pixels, I need to 
observe the compression ratio and information entropy, redundancy 
acquired for each test MRI image by using MATLAB [29]. In the 
next subsections the design of the evaluation system, applied in this 
thesis is described.  

3.4.1 System design 

3.4.1.1 Main flow diagram 
 This diagram in figure 3-2 shows the main steps that I take from 
transfer a test MRI image to decode the compressed MRI image and 
evaluate the parameters to make the conclusion. 
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Upload the image and convert 
into 1-layer image 

start 

end 

Transfer the image to an 
unsigned 8-bit integer matrix 

Use Huffman Code to 
compress the image 

Use Huffman Code to 
decompress the image 

Show the original image and 
the decompressed image 

Show the basic parameters  
the average length, the compression 

ratio, the information entropy and the 
encoding efficiency 
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3.4.1.2 Compression flow diagram 
This diagram in figure 3-3 shows the detailed steps of compression. 
Including calculating the parameters acquired for the test MRI 
images. 

Calculate the probability of each 
level of color 

start 

end 

Sort out the probabilities 
from smallest to biggest 

Get the Huffman tree and 
the binary Huffman Code 

Calculate the basic parameters 
(the average length, the information 

entropy) 

Encode with the image matrix 

Calculate the decimal code which is 
corresponding to the binary code, save it to the 

matrix, that is the code table. 
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3.4.1.3 Decompression flow diagram 
The diagram in figure 3-4 shows the decompression part steps. 

 

3.5 Implementation of the subsystems 

3.5.1 Compression part 

I have implemented the compression of the color medical image by 
using Huffman Coding in the MATLAB software. 

Before coding process, the images need to be indexed. Because 
Huffman coding is used to code one channel (gray scale) images, but 
DICOM uses 3 channels (color) images, an image needs to transform 
another format, like .bmp or .jpg format. Bitmap is one channel 

Read the compressed matrix and 
save it into the row vector 

start 

end 

Decompress, reading the row vector 
code and matching the corresponding 

pixel 

Reconstructed the matrix by the 
image matrix size. 
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format which can be used directly, jpg is 3 channels format which 
need to be indexed. If the jpg image is 3-channel RGB image and 
each channel has 256 colors, it means the image has 2^ (3x8) colors. 
Using the MATLAB function rgb2ind (X, 2^ (3x8)) the image can 
be indexed without losing any information. As that step may consume 
too long time to perform, here I use a 256-color bitmap medical image 
to coding. 

I use five images to compress and compare their compression 
parameters to research the efficiency of Huffman Coding. 
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After resizing these 5 images by using Adobe Photo Shop [35] to get 
equal size, I need to find the probability of each color (or symbol) in 
the image, I use MATLAB function sum and find to make a new 
MATLAB function frequency to find the non-zero probabilities and 
use sort to sort the probability of each symbol from small to large. 
After that, I can build a Huffman tree.  

To get the Huffman tree I need to build cell to store all Huffman codes 
with corresponding symbols. I make a new MATLAB function 
addnode to calculate the Huffman code and store it as a code table. I 
use sort function to sort the probabilities of the symbols after 
calculating two probabilities every time and making a new cell to 
store the updated code. 
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Figure 3-10 and Figure 3-11 show each step of making the Huffman 
Tree in MATLAB. The red and blue lines show how to assign “zero” 
and “one” in each node into codeword cell. In the last node we can 
see the code of each symbol has been stored and the code table is 
completed. 

 

Table 3-4 the code table 

 

After forming the code table, we need to create a new complete code 
table which has all possible symbols, compare table 3-4 and 3-5. The 
completed table can be used to compress the original image. 
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Table 3-5 the total code table of Huffman code 

 

After constructing the complete code table, I can find the average 
code length of the image and its information entropy. Using those 
parameters, we can calculate the compression ratio and coding 
efficiency. 

Next, I need to compress the medical images. In the new code table, 
each symbol has its corresponding Huffman code, therefore I use this 
code instead of every symbol in the image, thus is the compressed 
image matrix is created. 

Table 3-6 compression vector 

 

In case of using decimal representation of the Huffman code to 
decompress the binary vector need to be converted to decimal code. 
The algorithm of such conversion is described in the Appendix 1. 

As the same way, I convert the Huffman code table to the decimal 
code. The algorithm of such conversion is also described in the 
Appendix 1. 
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3.5.2 Decompression part 

After compression, we need to store the compressed image matrix, 
new decimal code table, the number of row and column of the original 
image and the total length of the original image matrix. 

For the decompression, we need to use the new decimal code table to 
decode the compressed image matrix first. 

The binary code table (table A-3) we created previously where bitset 
was used to assign ‘1’ into the head of code, so in the decompression, 
the head of code also need to be assigned ‘1’ by using bitset to ensure 
the input vector is converted correctly. 

After using bitset function, I get a decimal code that corresponds to 
the value of the decimal code table (table A-4). If the match is found, 
put the corresponding symbol in the code table into a new vector and 
use bitset to compare the next binary code. If not, add a binary code 
before the previous binary code. Match the code until it finds the 
corresponding decimal Huffman code. 

Table 3-7 the method to decompress the binary input vector 
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After all correspondence is completed, a decompressed vector is 
obtained. Reconstruct the decompressed vector based on the number 
of rows and columns of the original image, and create the 
decompressed matrix, which is the original image. 
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4 Chapter: 
Results and Discussion 

After finishing encoding and decoding, the MRI images can be 
compressed to store and transfer. In this part, I will discuss encoding 
and decoding of the medical MRI images using two experimental 
setups. 

In the first setup, I use one image only. Several copies of that image 
are acquired, where each copy is either upsampled or downsampled. 
The modified copies are encoded and decoded in this first setup. 

In the second setup, I use different images, where all the used images 
have the same size, 1089x1200 pixels. 

In both experimental setups the results of the encoding and decoding 
are measured by the previously discussed parameters such as the 
average code length, information entropy, compression ratio, 
redundancy, remaining redundancy and PSNR.   
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4.1.1.1  Setup 1: Effect of the image size modification 
on the compression quality parameters 
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Table 4-1 the parameters of same image with different size in pixels 

 



 

47 
 

The sharpness of the image depends on the number of pixels of the 
image and the resolution of the display. Different pixels of the image 
are displayed on a monitor. The more pixels in an image, the size of 
original images is bigger, the details are clearer. 

The size of the original image is 1277 KB, the original resolution is 
72ppi, the color of this image is the most monotonous.  

I modified the resolution of this image to be 30ppi, 36ppi, 60ppi, 
128ppi by using Adobe Photo Shop [35]. Next I compare the 
evaluated parameters such as the average code length, information 
entropy, compression ratio, redundancy and remaining redundancy of 
each images, see the table 4-1. 

Because the Huffman coding is a lossless compression, PSNR is 
infinity which means there are no details loss after Huffman coding. 
The infinity PSNR value in the table 4-1 is expected theoretically. 

Studying the table 4-1, we can observe that there is a small variation 
of the values of the parameters due resampling. For example, 
consider the compression ratio, different versions of the original 
image have almost equal the same compression ratio. The coding 
efficiency is greater than 90%, hence we can see that Huffman 
Coding can be used for image compression very well. From the 
remaining redundancy we can see that Huffman Coding compression 
signficantly reduces the redundancy. 

From this table 4-1, the conclusion we can get is that Huffman Coding 
can achieve a good compression effect for different sizes in pixels for 
this medical image. Information entropy, average length and 
compression ratio were not significanly affected by the image size in 
pixels. 

In next setup, I want to investgate: does Huffman coding get high 
compression ratio and coding efficiency to different MRI images, 
used in the experimental part of this thesis? 
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4.1.1.2  Setup 2: Effect of the image content 
modification on the compression quality 
parameters 

In order to know whether the complexity of color medical images 
affects the compression performance of Huffman Coding, I have used 
two kinds of images. One is ‘original image’ which has little color, 
another is ‘same pixel1’, ‘same pixel2’, ’same pixel3’, ‘same pixel4’ 
which have much color. 
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Table 4-2 the parameters for different images of equal size in pixels   

 

First, I recognize that for an image record in .bmp format, when the 
image size in pixels is the same which is 1089x1200 pixels, the 
images have the same size in bytes. 

According to Figure 4-1, Figure 4-3, Figure 4-5, Figure 4-7 and table 
4-2, I could observe that for the image ‘original image’ it was 
achieved the least average legnth of code (3.1745) and the largest 
redundancy (4.9144). The image ‘original image’ has less color of 
the test five images. I can say that if the image has more information, 
the average length of the code is large and the redundancy is small. 

Table 4-2 shows that the complexity of the image has a great 
influence on the compression efficiency of Huffman Coding. For the 
image ‘original image’, the coding efficiency is 97.2%, but for other 
test images which have more information, their coding efficiency is 
more than 99%. 

From the redundancy in table 4-2, it can be seen that Huffman Coding 
works well for reducing redundancy. It can reduce most of the 
redundancy for complex image. For example, the redundancy of the 
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image ‘original image’ is 4.9244, after compressing, the remaining 
redundancy was achieved as 0.0888, Huffman coding reduces 
redundancy 4.0356 is for this image. 

Next, I have compared the compression ratioof the gray color image 
‘Lena’ used in chapter 2.1.5 and chapter 2.2.6. Since this image was 
used in literature to investigate the compression ratio, I have used that 
image too. 

According to the chapter 2.1.5, the image ‘Lena’ was compressed by 
wavelet transform with arithmetic coding and the compression ratio 
was achieved at 1.72. The image ‘Lena’ was compressed by DPCM 
with arithmetic coding and the compression ratio was achieved at 
1.8733 [15] .   

According to chapter 2.2.7, the image ‘Lena’ was compressed by 
lossy JPEG and the compression ratio was achieved at 2.2772 and 
PSNR was achieved at 32.4943. 

In Huffman coding, the compression ratio of the image ‘Lena’ was 
achieved at 1.0709 and PSNR was achieved  . The larger is the 
PSNR, the less detail in the image is lost during compression. 

Compared with those coding techniques, the lossy JPEG can 
compress image better but PSNR less than is not infinity means that 
the compressed image has lost some detail. Compared with lossless 
compression likes wavelet transfer with arithmetic coding or DPCM 
with arithmetic coding, the compression ratio of Huffman coding is 
worse. 
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5 Chapter: 
Conclusions and Future Work 

The color medical images I have used in this work are bitmap images, 
this format is also used in PACS which is used in hospitals. The 
bitmap format can be presented as a 1-channel indexed image which 
has 256 colors. 

 After encoding and decoding image by using Hufman coding 
algorithm, the average code length, information entroy, compression 
ratio, coding efficiency, redundancy, remaining redundancy and 
PSNR have been calculated and compared to the same parameters 
acquired by using other coding methods. 

From the coding efficiency which is higher than 90%, I have found 
that Huffman Coding achieves a good effect on the investigated in 
this thesis MRI images. Based on the infinity value of PSNR I found 
that the Huffman coding do not loss any image information. 

I have made a conclusion that the average length of code and 
information entropy are almost constant and the compression ratio 
does not vary significantly when a test image is up- or downsampled. 
Here it can be said that different resolutions of the same image do not 
affect the compression performance of Huffman Coding. 

On the other hand, the more complex is the image, the larger the 
average length of the code and information entropy are. If the average 
length of the code is large, this image needs to use more information 
to be represented,  hence the compression ratio will be reduced. 
Compared with other methods, the compression ratio is worse, but 
advantage of the Huffman coding is that it is a simple and low error 
method to compress images. 

Combined both conclusions, I can say that the resolution of images 
will not  affect the compression ratio of the image. the main factors 
that are affected are the information entropy, average length and 
redundancy. The higher the information entropy, the worse the 
compression performance of Huffman Coding. The larger os image 
redundancy, the better the compression performance of Huffman 
Coding. 
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The reason we research Huffman coding to compress medical images 
is to reduce the images’ required storage and to increase transmission 
speed of the images. Now I have found that the resolution will not 
affect the compression ratio and coding efficiency. On the basis of 
compression, reduction of the resolution should reduce the storage 
requirement and should increase the transmission speed. The doctors 
can use a suitable size of medical image to observe and to store. 

The problem is that reduction of the resolution of the medical images 
will degrade the quality of the images. This can lead to a possibility 
that the doctor will not be able to understand the patient condition. 
How to choose a suitable size of the medical images to store and use 
is the future work. We need to find a way to choose a good quality 
and suitable size images.  
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Appendix 1: 
Convert the compressed image matrix 
to decimal code 

Converting the image matirx is the same as converting the Huffman 
code table. FIrstly, cut the input vector into n segments, each segment 
has 8 binary codes. If the last segment has not 8 binary codes, add 0 
to ensure it, then make a new 8 x n matrix. 

For example, vector= [010111011111100], which has 15 bits. If the 
vector is separated into 8 bit string, the new matrix =[01011101; 
11111000] is created.  Next, the new matrix is converted into decimal 
number, such as binary code  [010111101] is converted into decimal 
code as 186. Finally, the compressed image matrix can be converted 
into a 1 x 2 vector. 

Table A-1 the calculation of compressed image matrix 
weights 

To get the decimal image matrix, we can see a clear decimal vector 
when running off the code. This part is not necessary for Huffman 
coding procedure, but it made easier for me to analyse the working 
of the Huffman coding process. 

After transmission, we also need to convert the decinal vector to 
binary first. 

Assumed that the compressed input vector is =[186 31 239 146 161 
1]; the number of symbols in the vector before compression is 6, then 
6 x 8=48, created a uint8 vector first. (Because the original image is 
in uint8 format, as it is processed in MATLAB). 

Using bitget convert the code from the decimal number to the binary 
number and store it in the specified location. For example, bitget (186, 
1:8), convert 186 to binary ‘01011101’ and store the code to the 48 
uint8(0) vector which has been created. Next binary code will be 
stored after this code. 
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Table A-2 the example of converting the input matrix 

convert input matrix 

Notes that, in compression, when we convert the compressed vector 
from binary to decimal, 8 binary codes were converted to one 
decimal code (table A-2).  But if the end of the binary compressed 
vector was not 8 binary code, zero should be added to provide 8 
binary codes. During decompression, the zero which were used to 
create 8 binary codes should be deleted, or the length of a 
decompressed vector will be larger than the length of the original 
input vector. 

Convert the Huffman code table to decimal code 
I can use MATLAB function bitset to convert the binary code to the 
decimal code, but this function has a specific condition such as bitset 
(A, n, i ), ‘A’ must be a decimal number, ‘n’ is the location of the 
binary number which is converted by ‘A’. 

To avoid making error in decompression and making a preparation 
for next step, bitset functionis used to add binary code ‘1’ into the 
head part of each code. For example, the Huffman code of symbol 6 
is [1111], see table 3-6. After converting [1111] into decimal number, 
A=15, using  bitset (15,5,1), [1111] becomes to [1,1111], since ‘n’ is 
the location that add ‘1’ in the fifth place. The output of  that function 
becomes 31. Storing this number into a new vector which is set by 
the number of old Huffman code table. (table A-3) 

Making a new decimal code table which the symbols and decimal 
Huffman codes correspond. 
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The table A-3 shows the correspondence between Huffman code and 
decimal number for a symbol in the code table. 

Table A-3 codeword presented in Huffman code and decimal 
formats 

After this relationship between each symbol is constructed, I also 
need to make a complete table like table A-4, but now the decimal 
Huffman code represent the location in the complete table where the 
symbols are to be recorded.  
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Table A-4 the new decimal Huffman code table 
decimal code table 

Huffman_dec symbols 
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