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Topics today…
• Why Compression ?
• Information Theory Basics
• Classification of Compression Algorithms
• Data Compression Model
• Compression Performance



Why Compression?

o Digital representation of analog signals requires
huge storage

 High quality audio signal require 1.5 megabits/sec

 A low resolution movie (30 fps, 640x480 pixels per frame,

24 bits per pixel) requires
• 210 megabits per second!
• 95 gigabytes per hour

o It is challenging transferring such files through the
available limited bandwidth network.



Why Compression?

Uncompressed source data rates

Source Bit rate for uncompressed sources (approximate)

Telephony 8000 samples/second  12 bits/sample = 96 kbps

Wideband Audio 44100 samples/second x 2 channels  16 bits/sample= 1.412Mbps

Images 512512 pixel color image  24 bits/pixel = 6.3Mbits/image

Video 640480 pixel color image  24 bits/pixel  30 images/sec=221 Mbps 
650 megabyte CD can store 23.5 mins of video!

HDTV 1280x720 pixel color image  60 images/second  24 bits/pixel 
=1.3Gbps



The compression problem

o Efficient digital representation of a source

o Data compression is the representation of the
source in digital form with as few bits as possible
while maintaining an acceptable loss in fidelity.

o Source can be data, still images, speech, audio, video or
whatever signal needs to be stored & transmitted.

o variable-length coding (VLC)
• The more frequently appearing symbols are coded with fewer bits per 

symbol, and vice versa



The compression problem

o output of the encoder are codes or codewords
o If the compression and decompression processes induce no

information loss, the compression scheme is lossless;
otherwise, it is lossy.

B0 and B1: total number of bits required to represent the data before and after
compression respectively.

we would desire any encoder/decoder scheme (codec) to have a
compression ratio much larger than 1.0

Compression Ratio =
��

��



Information Theory Basics

o Representation of data is the combination of
information and redundancy

o Data compression is essentially a redundancy
reduction technique.

o Data compression scheme can be broadly divided into
two phases

• Modeling
information about redundancy is analyzed and represented as a model

• Coding
the difference between the actual data and the model is coded



Information Theory Basics

Discrete Memoryless Model
o Source is discrete memoryless if it generates symbols that

are statistically independent of one another.

source alphabet A={a1,a2,a3…an}
associated probabilities P=(p(a1), p(a2), p(a3),…. p(an))

The amount of information content for a source symbol
(self-information) � �� is

The base 2 logarithm indicates the information content is represented in bits.

Higher probability symbols are coded with less bits

� �� = ����
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Information Theory Basics

Averaging the information content over all symbols, we get the 
entropy E as follows

� = � � = � � �� � ��

�

���

• Hence, entropy is the expected length of a binary code over all
the symbols.

• For example, if the probability of having the character n in a
manuscript is 1/32, the amount of information associated
with receiving this character is 5 bits.

• zero frequency  do not count it into the entropy

= − � � �� log� � ��
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Information Theory Basics

Example: 
Entropy of a fair coin.

The coin emits symbols s1 = heads and 
s2 = tails with p1 = p2 = 1/2. Therefore, 
the entropy if this source is:
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Information Theory Basics

Example: 
the information source S is a gray-level 
digital image each �� is a gray-level ranging 
from 0 to (2k − 1)

histogram of an image with
uniform distribution of
graylevel intensities
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the entropy  represents the minimum average number of bits
required to represent each symbol in S. (lower bound)

8 bits per gray-scale level  no compression!



Information Theory Basics

Example: 
the information source S is a gray-level 
digital image each �� is a gray-level ranging 
from 0 to (2k − 1)

histogram of a binary image

= 0.52 + 0.40 = 0.92
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In general, the entropy is greater when the probability
distribution is flat and smaller when it is more peaked.



Lossless Compression Algorithms

Simple Repetition Suppression

In a sequence, if a series of n successive symbols appears:
 Replace series with a token and a count number of 

occurrences.
 Usually need to have a special flag to denote when the 

repeated symbol appears.

Example:
89400000000000000000000000000000000
we can replace with:

894f32
where f is the flag for zero.



Lossless Compression Algorithms

Running Length Coding (RLC) 

• Sequences of image elements X1, X2, . . . ,Xn (row by row) 

• Mapped to pairs (c1, L1), (c2, L2), . . . , (cn, Ln), where
ci represent image intensity or colour and Li the
length of the ith run of pixels

Example
• Original sequence: 111122233333311112222
• can be encoded as: (1,4),(2,3),(3,6),(1,4),(2,4)
• The savings are dependent on the data



Lossless Compression Algorithms

Morse code makes an attempt to approach optimal code length

variable-length coding (VLC)



Lossless Compression Algorithms

The Shannon-Fano Algorithm
• This is a basic information theoretic algorithm.
• A simple example will be used to illustrate the

algorithm:

let us suppose the symbols to be coded are

HELLO
The frequency count of the symbols is

H E L O

1 1 2 1



Lossless Compression Algorithms

The Shannon-Fano Algorithm
The encoding steps of this algorithm can be presented
in the following top-down manner:

1. Sort the symbols according to the frequency
count of their occurrences.

2. Recursively divide the symbols into two parts,
each with approximately the same number of
counts, until all parts contain only one symbol.

build a binary tree!



Lossless Compression Algorithms

The Shannon-Fano Algorithm
Initially, the symbols are sorted as LHEO
the first division:



Lossless Compression Algorithms

The Shannon-Fano Algorithm
Initially, the symbols are sorted as LHEO
the second division:



Lossless Compression Algorithms

The Shannon-Fano Algorithm
Initially, the symbols are sorted as LHEO
the third division:



Lossless Compression Algorithms

The Shannon-Fano Algorithm

the minimum average number of bits to code each character in
the word HELLO would be at least 1.92.



Lossless Compression Algorithms

The Shannon-Fano Algorithm
the outcome of the Shannon–Fano algorithm is not necessarily
unique.



Lossless Compression Algorithms

Huffman Coding
• the encoding steps of the Huffman algorithm are

described in the following bottom-up manner:

let us suppose the symbols to be coded are

ACABADADEAABBAAAEDCACDEAAABCDBBEDCBACAE

A similar binary coding tree will be used as before

A B C D E

15 7 6 6 5



Lossless Compression Algorithms

Huffman Coding

1. Initialization: put all symbols on the list sorted according to
their frequency counts.

2. Repeat until the list has only one symbol left.
(a) From the list, pick two symbols with the lowest frequency
counts. Form a Huffman subtree that has these two symbols
as child nodes and create a parent node for them.
(b) Assign the sum of the children’s frequency counts to the
parent and insert it into the list
(c) Delete the children from the list.

3. Assign a codeword for each leaf based on the path from the
root.



Lossless Compression Algorithms

Huffman Coding
A B C D E

15 7 6 6 5

E(5)D(6)C(6)B(7)

P1(11)P2(13)

P3(24)A(15)

P4(24)

1010

10

10

Symbol Count log(1/p) Code  #bits
------ ----- -------- ----- ------
A 15 1.38 0 15
B 7 2.48 100 21
C 6 2.70 101 18
D 6 2.70 110 18
E 5 2.96 111 15

TOTAL (# of bits): 87

the Shannon–Fano algorithm
needs a total of 89 bits to
encode this string!



Lossless Compression Algorithms

o Decoding for this algorithms is trivial as long as the 
coding table/book is sent before the data.

o Unique Prefix property
• no code is a prefix to any other code
• great for decoder, unambiguous.

o Optimality

Huffman Coding



Lossless Compression Algorithms

• The two least frequent symbols will have the same 
length for their Huffman codes

• Symbols that occur more frequently will have 
shorter Huffman codes and vise versa. 

• It has been shown that the average code length for 
an information source S is strictly less than  + 1

Huffman Coding



Extended Huffman Coding

If si has a large probability:

 log2(1/pi) will be close to 0

assigning one bit to represent that symbol will be costly!

Solution:
• group several symbols and assign a single codeword

to the group.



Extended Huffman Coding

Assume an information source S has alphabet
S = {s1, s2,… , sn}. If k symbols are grouped together, then
the extended alphabet is

Example: Assume a source S with just three symbols A,
B, and C, having probabilities 0.6, 0.3, and 0.1,
respectively. Generating a Huffman tree gives:

A:0; B:10; C:11;
Average = 0.6 × 1 + 0.3 × 2 + 0.1 × 2 = 1.4 bits/symbol.

� = − � � �� log� � ��

�

≈ 1.2955



Extended Huffman Coding

extending this code by grouping symbols into 2-
character groups (k=2)

CCCB

10BC

10BB

10

ACCA

10

10

10

BAAB

10

AA



Extended Huffman Coding

extending this code by grouping symbols into 2-
character groups (k=2)

average bitrate 
per symbol is

1.3350



Adaptive Huffman Coding

In multimedia applications like live (or streaming) audio
and video, future data is unknown before its arrival.

• The Huffman algorithm requires prior statistical
knowledge

• such information is often not available!

The solution is to use adaptive compression algorithms
• statistics are gathered and updated dynamically as

the datastream arrives
• probabilities are based on the actual data received
• symbols will be given new (longer or shorter) codes.



Adaptive Huffman Coding

receiving 2nd ‘A’

The Huffman tree must always maintain its sibling property
• all nodes (internal and leaf) are arranged in ascending order

according to the counts

When a swap is necessary, farthest node with count N is swapped
with the node whose count has just been increased to N + 1.



Adaptive Huffman Coding

a swap is needed after receiving 3rd ‘A’ another swap is needed



Adaptive Huffman Coding

Adaptive Huffman tree for AADCCDD


