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Motivation (1)

➢ Characteristics of digital multimedia information produced today:

‒ text, video, audio, 3D graphics, and combinations of these media types. 

‒ extraordinarily large, and

‒ the rate of creation increases every day. 

➢ The result → a growing mass of data needs to be:

‒ stored, 

‒ accessed, and 

‒ delivered to a multitude of clients over digital networks, which have 
varying bandwidths.

▪ fiber-optic networks can provide a bandwidth upwards of 1G bits/second, 

▪ cell phone networks, are limited to a range of 20–300 kbps. 

▪ 3G cell phone standard provides transmission bandwidths up to 5 Mbps. 
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Motivation (2)

➢ For thus, people are expecting to receive multimedia data 

in the form of video, audio, and graphics on a variety of 

devices, 

‒ televisions, set-top boxes, desktop computers, handheld 

portable devices such as PDAs and cell phones, …. 

➢ The existence of voluminous data, from creation to 

storage and delivery, motivates the need for compression.

Need of compression

storage and transmission requirements
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Need for compression

➢ In the early days of information age:

‒ disk space was limited and expensive, 

‒ bandwidth was limited.

‒ → Compression was a must

➢ Today: 

‒ Inexpensive storage in a variety of forms 

‒ high-bandwidth connections (DSL, fiber optics and T-1).

‒ Compression is a must ??????

‒ Absolutely yes and there is more need because:

▪ amount and type of information we consume has also increased many fold, 
with the use of images, audio, video, and graphical animations.

▪ modern applications, such as high-definition video, require even larger 
bandwidths.
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Need for compression

➢ Example of HDTV:

‒ The interlaced HDTV (1080i) format has a frame size 
of 1920 x 1080. 

‒ With YUV 4:2:0 subsampling → pixel = 12 bits. 

‒ Bandwidth = 1080 x 1920 x 12 x 30 = 745 Mb/s. 

▪ Home network connections do not support this type of 
bandwidth and 

▪ the digital signal will need to be compressed for delivery.

‒ HDTV 1080i is considered to be acceptable when 
compressed down to 18 Mb/s.
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Need for compression

➢ Example of most popular digital cameras:

‒ Produce up to 14-megapixel images and increasing fastly. 

‒ We take lot of pictures than ever.

‒ The storage needs are very demanding, and 

‒ the information contained in one such uncompressed image 

takes a long time to write to disk. 

‒ Therefore, captured images are compressed prior to writing 

them to the memory devices. 
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Need for compression

➢ We look at data as containing information.

➢ Compression → a science that reduces the amount 

of data used to convey the same information.

‒ relies on the fact that information, such as an image or 

video, is not a random collection of pixels but exhibits 

order and patterns. 

‒ If this coherence can be understood or even modeled, 

the information can often be represented and 

stored/transmitted with a lesser amount of data.
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Basic of information theory

➢ In the information theory → efficiency and 

reliability of the transmission.

‒ Efficient transmission—How efficiently can a 

source transmit information to a receiver over a 

given channel and, thereby, communicate the 

information in the least amount of bits?

▪ Related to the compression.

▪ Shannon proposed his model of encoding/decoding of 

transmitted information

▪ Named source coding.
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Basic of information theory

➢ In the information theory → efficiency and 

reliability of the transmission.

‒ Reliable transmission—How reliably can a source 

transmit information to a receiver over a given 

channel, knowing that the channel is noisy and can 

corrupt the information during transmission.

▪ ensuring reliable delivery of data across a noisy channel.

▪ → add redundant bits to the coded symbols to be able to 

detect transmission errors and even correct them.

▪ Named channel coding.
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Basic of information theory

➢ To compress information, we need:

‒ to formalize what  information means, and 

‒ have a metric to measure the amount of information a sequence of bits and bytes 
contains. 

‒ Then, refer to the information theory to describe the process to compress data without 
losing its information content. 

➢ Data may be of different types, such as simple text, 
documents, images, graphics, and even binary executables. 

➢ We treat here all generic data represented digitally in a 
binary form by a sequence of 1s and 0s.
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11Information theory definitions

➢ To understand compression, → necessary to understand the 
information content of a message. 

‒ data is organized as a sequence of symbols. 

‒ If the sequence changes, so does the information. 

‒ Ex: a binary data stream that consists of 80,000 bits. 

‒ bits might not need to be treated individually, but might instead be 
grouped into symbols. 

‒ If we know that bits represent a gray-intensity image with each pixel 
represented by 8 bits, → so we have 10,000 pixels or symbols. 

‒ if width and height of the image are both 100 

▪ the bit stream might be interpreted as a gray image of size 100 x100 and 

▪ each symbol is represented by 8 bits, and there can be 28 = 256 different 
possible gray levels or symbols. 

▪ Also, the arrangement of the symbols is important.

➢ image representing a scene carries more information than a 
black image, where all the pixel or symbols are zero. 
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Information theory definitions

Alphabet and Symbols

➢ Information → organization of individual elements called 
symbols. 

➢ alphabet → a distinct and nonempty set of symbols. 

➢ number or length of symbols in the set is known as the 
vocabulary.

➢ We can define an alphabet of symbols as S = {s1, s2, s3, s4

. . . sn}.

‒ n can be very large, 

‒ in practice, an alphabet is limited and finite and, hence, has 
a well-defined vocabulary.
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Information theory definitions

➢ Ex1: A grayscale image, pixel coded on 8 bits.

‒ vocabulary consists of 256 symbols ({0,….., 255}).

‒ Each symbol is represented or coded by 8 bits.

➢ Ex2: English alphabet has 26 unique letters 

‒ vocabulary of 26 symbols {a, ….}. 

‒ each symbol will need 5 bits (log226 = 4.7 or simply 25 is the nearest 

greater power 2 to 26).

➢ Ex3: An RGB color image, pixel coded on 3x8=24 bits per 

symbol. 

‒ vocabulary consists of 28x28x28=16,777,216 symbols (0 to 16,777,215)

‒ or nearly 17 million colors.
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14Information theory definitions

➢ Sequence = series of symbols of a given alphabet. 

‒ Exp: For the alphabet {s1, s2, s3, s4}, a sample sequence is 

s1s2s1s2s2s2s1s2s3s4s1s2s3s3. 

➢ Message = A sequence of symbols produced by the 

source using the alphabet, and represents information. 

‒ A change in the sequence corresponds to 

▪ a change in the message and,

▪ thereby, a change in the information. 

‒ Each symbol has a binary representation and, hence, a 

message translates digitally to a bit stream. 

‒ An image, a video, and text are all examples of binary 

messages.
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Information theory definitions

Sequence

➢ In a sequence → some symbols might occur more 
commonly than other symbols. 

‒ symbol s1 occurs more frequently than the others in the 
previous example. 

‒ the letter e occurs more frequently than the other letters in 
the English language. 

➢ frequency of occurrence of a symbol is an important 
factor when coding information represented by the 
symbols. 

‒ known as probability.
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Information theory definitions

Symbol probability

➢ Probability or likelihood of a symbol = average number of 

times a symbol occurs in the entire message.

➢ → Ratio of the number of occurrences of that symbol over the 

length of the entire message

‒ 𝑃𝑖 =
𝑚𝑖

𝑁

mi = number of times the symbol i is present in the message

N = length of the message

‒ Used to obtain optimal codes for compression.
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Information theory definitions

Symbol probability

➢ Ex: Let the alphabet be {s1, s2, s3, s4}

‒ a message of 100 symbols, s1 occurs 70 times, s2 occurs 5 

times, s3 occurs 20 times, and s4 occurs 5 times.

‒ Each symbol is coded on 2 bits → message of 200 bits

‒ Why not to give s1 short code as it occurs more than the 

others?

‒ Idea: codes depends on the probability of occurrences of 

symbols.
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18Information theory definitionsD
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Symbol Probability

➢ Decodable codes → resulting bit stream can be uniquely 
decoded by the decoder to reconstruct the original symbol 
sequence. 

➢ Problem: In the third table of the previous slide:

‒ the message “s1 s1 s2 s3” is mapped to a binary sequence “00011”. 

‒ can be decoded as “s1 s1 s2 s3” or as “s1 s1 s1 s3 s3”. 

‒ table represents a code that is not uniquely decodable.

➢ Solution: Prefix codes

‒ A prefix code is a special kind of uniquely decodable code

‒ no one code is a prefix of another code. 

‒ Ex: C={(s1, 1), (s2, 001), (s3, 01), (s4, 000)} is a prefix code. 
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20Information Representation

➢ Let a source has a vocabulary of N symbols {s1, s2, . . ., sN}. 

‒ Produces a message consisting of M symbols, 

‒ Symbols are emitted at frequency of 1/T Hz, which is one 
symbol every T seconds. 

‒ Let each symbol si be emitted mi times.

‒ The frequency of si in the message of M symbols is mi.

‒ Let li = the length of each symbol si.

➢ 𝑀 = σ𝑖=1
𝑁 𝑚𝑖 is the length of the message.

➢ 𝐿 = σ𝑖=1
𝑁 𝑚𝑖𝑙𝑖 is the total number of bits of the message.

➢ 𝜆 =
𝐿

𝑀
is average length by symbol.

➢ 𝜆 =
σ𝑖=1
𝑁 𝑚𝑖𝑙𝑖

𝑀
= σ𝑖=1

𝑁 (
𝑚𝑖

𝑀
)𝑙𝑖 = σ𝑖=1

𝑁 𝑃𝑖𝑙𝑖 : Pi is probability of 
occurrences of si
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21Information theory definitions

Aim of compression in the information processing domain

➢ Let S = {si} a set of symbols having probabilities Pi for each i

in an alphabet.

➢ Goal → finding a binary prefixed code C={(s1, c1), (s2, c2) . . . 

(sn, cn)} where each code word ci has code length li such that 

the average code length λ is minimized. 

➢ It’s attempting to find a C, such that the average number of bits 

required per symbol is the minimum. 

‒ When Pi increases, li should decrease and vice versa. 

➢ Logical question: How low can the value of λ be? 

➢ This was proved by Shannon to be measured by the entropy.

D
r.

 Z
ei

n
 I

b
ra

h
im

  
  
  
  
  
  

  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
 2

0
1
9
 /

 2
0
2
0



22

Entropy

➢ Entropy is to quantify the amount of information contained in a 
message of symbols given their probabilities of occurrence. 

➢ 𝐻 = σ𝑃𝑖 log2
1

𝑃𝑖
= −σ𝑃𝑖 log2 𝑃𝑖 where log2

1

𝑃𝑖
is called self-

information.

➢ Self-information = # of bits of information contained in the 
symbol 

‒ It means the number of bits used to send that message.

‒ When probability of si is high, the self-similarity is low.

➢ Entropy, then, becomes the weighted average of the information 
carried by each symbol and, hence, the average symbol length.

➢ H has highest values when the source produces symbols that are 
equally probable.
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Information theory definitions
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Entropy: Discussion

➢ When the entropy is higher (or the information 
content is higher), more bits per symbol are 
needed to encode the message. 

➢ when symbols are not random but seem more 
predictable

‒ Means some symbols have a higher probability than the 
others, 

‒ → results in a lower entropy, hence, in lower information 
content.

‒ In this case, fewer bits per symbol are needed to encode the 
message.
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Example

➢ Two messages each message is a black-and-white image made up of 

symbols (s1, s2). 

➢ The first message is a completely black image. 

‒ P1 is 1 and P2 is 0. H in this case evaluates to zero, suggesting that there 

is no information in the image. 

➢ The second message has equal distribution of black and white pixels. 

‒ P1 and P2 are both roughly 0.5. H in this case evaluates to 1, which is 

exactly the minimum number of bits needed to represent the two 

symbols (s1 = 0, s2=1)
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26Efficiency

➢ Given an alphabet of symbols: 

‒ Goal of any coding system: transmit the information contained in a string 
composed of these symbols in the most efficient manner, that is, in the 
least number of bits. 

‒ Way: Evaluation of frequency of occurrences of each symbol + decide 
how many bits to code each symbol = the overall number of bits used for 
the message is the least. 

➢ The optimal average symbol length is given by the entropy. 

➢ Thus, any coding system’s goal is to assign binary codes to 
each symbol in a manner so as to minimize the average symbol 
length.

𝑬𝒇𝒇𝒊𝒄𝒊𝒆𝒏𝒄𝒚 =
𝑬𝒏𝒕𝒓𝒐𝒑𝒚

𝑨𝒗𝒆𝒓𝒂𝒈𝒆 𝑺𝒚𝒎𝒃𝒐𝒍 𝑳𝒆𝒏𝒈𝒕𝒉

➢ Means → the optimal average symbol length over the used one.

‒ Example: if the optimal one is 4.5 and the used is 5 → 4.5/5 =0.9 
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27Some Terms

➢ Lossless compression: The recovered data is exactly 

the same as the input.

➢ Lossy compression: The recovered data approximates 

the input data.  

➢ Compression ratio = (bits used to represent the input 

data) / (bits of the code after compression)

➢ We desire an encoder with compression ratio > 1.0 
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Data Input

(a sequence of symbols

from an alphabet)
Recovered data

sequence

Code 

a sequence of 

codewords

Information

source



28O
ve

rv
ie

w
 o

f 
c

o
m

p
re

s
s

io
n

 

te
c

h
n

iq
u

e
s

D
r.

 Z
ei

n
 I

b
ra

h
im

  
  
  
  
  
  

  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
 2

0
1
9
 /

 2
0
2
0



29

Compression Metrics

➢ Compression rate: related to the transmission of data

‒ = rate of compressed data 

‒ Expressed Bits/symbol such as bits/sample, bits/pixel, 

bits/second

➢ Compression ratio: related to the storage of data

‒ Rate of non-compressed to the compressed

‒ Ex: audio signal: original = 16 bits/sample and 

compressed = 4 bits/sample

‒ So 4-to-1 compression ratio.
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30Rate Distortion

➢ Distortion rate: 

‒ in lossy compression

‒ Distortion criteria should be defined

‒ Ex of simple criteria = difference between original and 

compressed one

‒ On image → sum(difference pixel by pixel)

➢ Not all the time is really related to the distortion

➢ Ex: shift the image by one pixel → distortion is high 

while perceived image is the same

➢ Should use other types of criteria → may be 

subjective one
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Rate Distortion

➢ Distortion rate: 

‒ Let y = original signal and ෝ𝑦 be the constructed one

‒ 𝑒𝑟𝑟𝑜𝑟 = 𝑓(𝑦 − ො𝑦) where f measures the difference

‒ the most popular f is mean square error MSE

‒ others → SNR (signal-to-noise-ratio) and PSNR (peak 

SNR)

▪ More informative than mean square error

➢ lossy compression = trade-off between distortion and 

rate
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32Lossless compression

➢ Lossless compression techniques → removing the 

redundancy in the signal. 

‒ Achieved by assigning new codes to the symbols based on 

the frequency of occurrence of the symbols in the message. 

‒ More frequent symbols are assigned shorter codes and vice 

versa. 

➢ Sometimes the entire message to be coded is not readily 

available and frequency of symbols cannot be computed a 

priori. 

‒ happens when a source is “live,” for example, in real-time 

communication systems. 

‒ In such cases, source symbols codes bases on a probabilistic 

model.
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Lossless compression

➢ Problem of probabilistic model: 

➢ In the English language e is the most frequently occurring 

letter—13% on average—and z is the least frequently 

occurring letter—0.07% on average. 

➢ Sentence: “Zoos display zebras from Zambia, Zimbabwe, and 

Zaire,” contains more z than e. 

➢ Lead to → not efficient compression, and sometimes might 

even do the opposite.  
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34Run Length Encoding RLE

➢ Rely on the repeated sequences or “runs” of the same symbol. 

➢ Runs of the same symbol are encoded using two entities:

‒ count suggesting the number of repeated symbols.

‒ the symbol itself.

➢ Ex: a run of five symbols aaaaa will be replaced by 5a. 

‒ BBBBEEEEEEEECCCCDAAAAA → 4B8E4C1D5A.

‒ 22-byte message reduced to 10 bytes, giving a compression ratio of 2.2. 

➢ Problems: 

‒ will it work if the string contains numbers ?

▪ Add a special character between two runs or specify a fixed number of 

bytes

‒ Is it practical to encode runs of length 1 ? → no counts
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35Run Length Encoding (RLE)

➢ Run length encoding performs best in the presence of 

repetitions or redundancy of symbols in the 

information.

➢ if no repetition or the seeming randomness in the 

symbols is high, 

‒ run length encoding is known not to give any compression 

and, 

‒ depending on implementation flavors, it could very well 

result in increasing the size of the message.

➢ used in a variety of tools involving text, audio, 

images, and video.
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36Run Length Encoding (RLE)

➢ For example, two people are having a telephone conversation: 

‒ Lot of gaps represented by zero values when nobody is speaking. 

➢ For example, in images and videos: 

‒ have areas, which have the same pixel distribution, such as in the 

background. 

➢ Run length encoding has also become a part of compression 

standards.

➢ it is supported by most bitmap file formats such as TIFF, BMP, 

and PCX and a variant of it is even adopted in the JPEG 

compression pipeline.
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Run Length Encoding (RLE)

➢ Given the following binary image, what would be the RLE of 

it ?
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38Repetition Suppression

➢ Works by reserving a specific symbol for a commonly 

occurring pattern in a message. 

➢ For example, a specific series of successive 

occurrences of the letter a in the following example is 

replaced by the flag ψ:

Abdcbaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaa

is replaced by

Abdcbψ

➢ Considered as an instance of run length encoding, 

where successive runs of specific characters are 

replaced.

D
r.

 Z
ei

n
 I

b
ra

h
im

  
  
  
  
  
  

  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
 2

0
1
9
 /

 2
0
2
0



LZW CODING
Lossless Compression
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Pattern Substitution 

(LZW=Lempel, Ziv, Welch)

➢ Based on the dynamic creation of a dictionary of 

strings. 

‒ Each string is a subsequence of symbols, as they appear in 

the message.

‒ strings are given a code, or an index, which is used every 

time the string appears in the input message.

‒ no pre-analysis of the message is required to create a 

dictionary of strings, but rather the strings are created as the 

message is scanned.
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Pattern Substitution 

(LZW=Lempel, Ziv, Welch)

➢ Initialize the dictionary to contain all initial symbols. The 

vocabulary forms the initial dictionary entries. Every entry in 

the dictionary is given an index.

➢ While scanning the message to compress, search for the 

longest sequence of symbols that has appeared as an entry in 

the dictionary. Call this entry E.

➢ Encode E in the message by its index in the dictionary.

➢ Add a new entry to the dictionary, which is E followed by the 

next symbol in the scan.

➢ Repeat the process of using the dictionary indexes and adding 

until you reach the end of the message.
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Try

➢ a b a b a b a b a

➢ b a c a c b a a c b

➢ a b a b c b  a b a b a a a a a a a
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Try

➢ Try the following sequences with the associated 

initial dictionary.
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Solution
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50Ascii Code Table

➢ Encode: TOBEORNOTTOBEORTOBEORNOT
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LZW
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LZW

➢ Decompression works in the reverse manner. 

➢ Given the encoded sequence and the dictionary, the 

original message can be obtained by a dictionary lookup. 

➢ No need to transmit the entire dictionary to the decoder 

because it can be re-created. 

➢ The last symbol of the most recent dictionary entry is the 

first symbol of the next parse block → used to resolve 

possible conflicts in the decoder.

D
r.

 Z
ei

n
 I

b
ra

h
im

  
  
  
  
  
  

  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
 2

0
1
9
 /

 2
0
2
0



54

➢ how long should the dictionary grow? 

➢ Clearly, as the dictionary size increases, so does the size of the strings that 

form the dictionary and consequently the compression gets better. 

➢ with the dictionary growth, the number of bits required to represent the 

index also grows (bits required b=log2N, where N is the dictionary size.

➢ Impractical to have a large N, and this value is normally limited to 4096, 

which gives 12 bits per index or it might also be an input parameter to the 

algorithm. 

➢ LZW algorithm works well only when the input data is sufficiently large 

and there is sufficient redundancy in the data. 

➢ Many popular programs, such as the UNIX-based compress and 

uncompress, gzip and gunzip, and the Windows-based WinZip program, are 

based on the LZW algorithm. It is also used while compressing images 

using the GIF format.
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HUFFMAN CODING
Lossless Compression

D
r.

 Z
ei

n
 I

b
ra

h
im

  
  
  
  
  
  

  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
 2

0
1
9
 /

 2
0
2
0



56

Huffman Coding

➢ data sampling → each sample is assigned the same number of bits. 

➢ length is log2n, where n is the number of distinct samples or quantization intervals.

➢ Exp: audio data (8 bits or 16 bits per sample), images (24 bits per pixel), text ASCII data, 

…. 

➢ some symbols occur more commonly than others → goal = to have more frequent 

symbols that have smaller code lengths and less frequent symbols that have longer code 

lengths.

➢ Idea: assign new codes to each symbol, depending on the frequency of occurrence of the 

symbol. 

‒ process starts by computing or statistically determining the probability of occurrence 

of each symbol. 

‒ symbols are then organized to form the leaves of a tree, and a binary tree is built.

‒ most frequent symbol is closer to the root and the least frequent symbol is farthest 

from the root.
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Huffman Coding

➢ Leafs of the tree → associated with the list of probabilities. 

‒ leaves sorted in increasing or decreasing order.

➢ Combination of the two nodes with the smallest probabilities.

‒ The new node has a probability equal to the sum of the child node 

probabilities.

➢ The combination is repeated until the root node.

➢ Label the branches with a 0 and 1 starting from the root and 

going to all intermediary nodes.

➢ Traverse the Huffman tree from the root to a leaf node noting 

each branch label (1 or 0). 

‒ Huffman code of a symbol is the sequence of labels from root till leaf.
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Try

➢ Apply the Huffman coding to obtain the codes

➢ Compute the compression ratio
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Try

➢ Apply the Huffman coding to obtain the codes

➢ Compute the compression ratio
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ARITHMETIC CODING
Lossless Compression
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62Arithmetic Coding

➢ Previous coding techniques → a whole number of bits were required to encode a symbol 

(or symbol group). This number is never less than 1.

➢ Arithmetic coding overcome the problem by mapping an entire message to a real number 

between zero and one.

➢ The algorithm can be outlined as follows. Suppose we have a vocabulary of n symbols:

1. Divide the interval [0,1] into n segments corresponding to the n symbols; the segment 

of each symbol has a length proportional to its probability. Each segment i has an 

upper bound U and lower bound L corresponding to the start of the segment and the 

end of the segment (U – L = Pi).

2. Choose the segment that corresponds to the first symbol in the message string. This is 

the new current interval with its computed new upper and lower bounds.

3. Divide the new current interval again into n new segments with length proportional to 

the symbols probabilities and compute the new intervals accordingly.

4. From these new segments, choose the one corresponding to the next symbol in the 

message. 

5. Continue Steps 3 and 4 until the whole message is coded.

6. Represent the segment’s value by a binary fraction in the final interval.
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Two symbols a and b: P(a)=2/3, P(b)=1/3

« abba » fall into the interval [48/81, 52/81].

Its binary representation is 

[0.10010111, 0.1010010].

This interval can be represented by 0.101, 

which corresponds to the decimal 0.625. 

Thus, 101 should suffice as a code for 

“abba”.  

Arithmetic CodingD
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Arithmetic Coding
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Arithmetic Coding
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Arithmetic Coding

➢ To decode → should know when to stop

‒ Encode the length of the sequence with the sent one.

➢ Try the one below that has the length 5

➢ M = a1a0a3a2a0
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SHANON-FANO CODING
Lossless Compression
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Shanon-Fano Coding

➢ One of the first methods that constructs a variable-

size codes

➢ Given n symbols with known probabilities:

‒ Arrange them in descending order based on their probabilities

‒ Divide the set into two subset with almost equal sum of probabilities

‒ Label one subset with 0 and the other 1

‒ Repeat the split and append to the already given label a 0 or a 1 until the 

subset contain one symbol
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The average size of this code is 0.25×2+0.20×2+0.15×3+0.15×3+0.10×3+ 0.10 × 4 + 0.05 

× 4 = 2.7 bits/symbol.

This is a good result because the entropy (the smallest number of bits needed, on average, to 

represent each symbol) is: 

0.25 log2 0.25 + 0.20 log2 0.20 + 0.15 log2 0.15 + 0.15 log2 0.15 + 0.10 log2 0.10 + 0.10 

log2 0.10 + 0.05 log2 0.05 ≈ 2.67.

Shannon-Fano codingD
r.
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Shanon-Fano Coding

➢ Exercise:

➢ Repeat the calculation on the previous example but place the 

first split between the third and fourth symbols. 

➢ Calculate the average size of the code and show that it is 

greater than 2.67 bits/symbol.
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LOSSY COMPRESSION
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Lossy Compression

➢ Entropy-coding or lossless compression has 

theoretical limits on the amount of compression that 

can be achieved. 

➢ Why not to sacrifice some amount of information in 

order to increase the ratio of compression. 

D
r.

 Z
ei

n
 I

b
ra

h
im

  
  
  
  
  
  

  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
 2

0
1
9
 /

 2
0
2
0



73

Lossy compression

➢ Lossless compression have limits on the amount of 

compression that can be achieved

➢ Visual Studies have shown that distortion introduced 

by image compression are still perceptually 

acceptable.

➢ Many lossy schemes introduce a distortion because of 

quantizing the symbol code representation.

➢ Quantization is inherently lossy.
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Differential PCM (1)

➢ Usually → successive samples in a signal are almost 

similar

➢ Instead of sending the individual samples, why not 

sending the difference or error between successive 

samples?

➢ Errors normally should be small and require less bits 

to represent.

➢ A prediction can be made of the next value using the 

current and past samples.
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Differential PCM (2)

➢ Differential Pulse code modulation (DPCM) uses the 

simplest form of prediction.

‒ Simplest prediction is the signal itself

➢ If the (n-1)th sample is y(n-1) then nth sample is y(n) = 

y(n-1) + d(n)

➢ so d(n) = y(n) – y(n-1) is the prediction error or the 

difference between the predicted and actual samples.
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Differential PCM (3)

D
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Differential PCM (4)

➢ At the encoder, DPCM sends the quantized values of 

d(n)

➢ Open loop case.

➢ Decoder works by recovering the lossy signal Ŷ(n) as 

follows:
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Differential PCM (5)

Open loop differential pulse code modulation problem
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79Differential PCM (5)

➢ To solve the open loop case:

➢ The difference d(n) at the encoder is not computed as 

y(n)-y(n-1) anymore but y(n)-ŷ(n-1)
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Exercise

➢ Given the following piece of image, answer the 

following:

a. Apply on the image the lossless version of the DPCM 

after reading it in zig-zag order.

b. Apply on the image the lossy version of the DPCM by 

quantizing the values to 4 levels except the first one.
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Vector Quantization

➢ Quantization → normally performed on individual 

samples 

➢ Causes a lossy compression 

➢ Most compression techniques operate by quantizing 

each symbol taken individually. 

➢ known as scalar quantization.

➢ Ex: instead of using 3 bytes per channel, use 1
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Vector Quantization

➢ Advantages

‒ Simple to implement, 

‒ fast to quantize/dequantize

‒ lead to a good symbol redundancy

➢ Drawbacks

‒ insensitive to intersample correlations → symbol are 
independent

➢ In reality → digital signals are not random but exhibit a 
high degree of correlation in the local neighborhood

➢ One of solutions proposed → Quantize group of samples
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Transform coding techniques

➢ Mathematical transformation on the input signal

➢ Results in a different signal

➢ Transformation must be invertible

➢ In the new domain, the signal may have lower 

entropy and hence lower bits to represent

➢ By themselves, transform coding is not lossy but they 

usually employ quantization which is lossy
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Transform coding

D
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Transform coding

➢ Very well suited for 1-D (sound) and 2-D (images) 

signals.

➢ Three categories of approaches:

‒ Frequency Transforms: DFT, DCT, Hadamard

transforms, Lapped Orthogonal transforms, …

‒ Statistical Transforms: PCA (changes the number of 

dimensions of the signal using correlation and 

eigenvectors/values), Karhunen-Loeve transforms, …

‒ Wavelet Transforms: multi-resolution representation of 

the signal.
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Transform coding (DCT/JPEG 

example)

➢ To keep computations manageable, break images in n

8x8 blocks)

➢ On each block, apply DCT

➢ Each block may be compressed differently

➢ Important when controlling bit rates

➢ If we have B bits per frame, we give higher entropy 

blocks higher bits.
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Subband Coding

➢ Successive approximation or multi-resolution

➢ Signal is decomposed into a coarse (low frequency) 

and added details (high frequency) at various 

resolutions

➢ Depending on the band importance, the more 

important band is given more quantization levels 

(bits) than less important ones
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Subband

Coding

Low freq

High freq

enough

enough

enough

enough
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Subband Coding (Wavelet)

➢ Signal is passed through low pass and high pass 

filters

➢ At each frequency resolution, the low pass signal is 

downsampled by 2 to reduce the time domain 

resolution
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Subband Coding (Wavelet)

D
r.

 Z
ei

n
 I

b
ra

h
im

  
  
  
  
  
  

  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
 2

0
1
9
 /

 2
0
2
0



COMPRESSION ISSUES
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Encoder speed and complexity

➢ Performance requirement: real-time, offline

➢ Data available for analysis
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Symmetric and asymmetric 

compression

➢ Symmetric: encoder and decoder work in the exact 

but opposite way, requiring same time

➢ Asymmetric: one of them may be more complex than 

the other and requires more time. (DVD, complex to 

encode but easy to decode and view)

➢ Adaptive versus non-adaptive compression
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