Module 7
| mage Compr ession



OBJECTIVES OF IMAGE
COMPRESSION

compr essed
decompr essed
L ossless compression exactly
L 0SSy compression visually redundant
| mage compression
stor age space

transmission bandwidth



Significance for Storage & Transmission
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L ossless | mage Compression



| mage Compr ession M easur es

* BitsPer Pixel (BPP) average

o Uncompressed image



The number of bits used to code pixels may
Suppose that | isacompressed version of |.

Let B(i, |) = # of bits used to code pixel I(i, J). Then

5 1 N-1M-1
BPP(1) = 2. 2, B )
i=0 j=0
If number of bitsin | is B, then
1

BPP(I) = - Bio




Compression Ratio

Compression Ratio (CR)

BPP CR



LOSSLESSIMAGE COMPRESSION

e Losdess no loss of information
exactly
high compression

combination
unacceptable

usually

2.1<CR<31



M ethods for L ossless Coding

variable
wor dlength coding



Variable Wordlength Coding

(Huffman Code)



Variable Wordlength Coding (VWC)

e |d variable wordlengths

short wordlengths
frequently

long wor dlengths
Infrequently

BPP will be reduced



| mage Histogram and VWC

Image histogram

common measur e of BPP for VWC



e Recall the values

p, (K) = ﬁH' (k) ; k=0,..., K-1

so p, (k) = probability of gray level k

 The of Image | isthen

K-1
E[l] = -kZ P, (K)10g, p, (K)
=)
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M eaning of Entropy

* Entropy measur e of infor mation

 Entropy
— Complexity
— Information Content
— Randomness



Maximum Entropy | mage

maximized

flat histogram



Minimum Entropy | mage

minimized

constant image

0<E[I]<B



Significance of Entropy

theorem how much

uniquely decodable
and

cannot be compr essed
entropy
reduction

constant image

lower bound target



| mage Entropy Reduction

e Id

L ossless invertible

exactly no loss

« Compressing



Entropy Reduction by
Differencing (SSmple DPCM )

 Differential pulse-code modulation (DPCM)

often

difference image

E[D] < E[I]



. If (1) isused, then
1(1,]) =D(, ) + 10, ]-1)

e The of | must also be transmitted.

. If (2) isused, then
G, ]) = DG, j) +1G-1, ]) + 1, j-1) - 1(-1, j-1)

where thefirst row and first column of | must also be transmitted.

 Theoverhead of thefirst row and column is small, but they can be

we will assume an image | has either been histogram

compressed by DPCM or doesn’t need to be. ]



Optimal Variable Wordlength Code

e Recall lower bound

wordlength aver age wordlength

L (k) = -log,p, (k)



we can find such a VWC such that
L (k) = -log,p,(k) fork=0,..., K-1
then the codeis

e Itisimpossibleif -log,p, (k) # an integer for
 So: define an | asonethat satisfies:

- BPP(1) < BPP(1") of any other code 1"
- BPP(1) = E[I] if [-log,p, (K)] = integers

K.
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The Huffman Code

Huffman algorithm optimum code

code words

smallest possible



e Forma with branches labeled by the gray-levelsk_,
and their probabilitiesp, (k) :

(0) Eliminate any k., wherep, (k) = 0.

(1) Find 2 Pm = Pi(Km)s Py = Py (Kp)-

(2) Replace by p.,, = Py, + P, 1O , reducellist by 1
(3) Label the branch for k., with (e.g.) '1' and for k, with '0O'.
(4) Until list has only 1 element (root reached), return to (1).

* Instep (3), values'l' and '0" are assigned to element pairs (K., k.,
elements triples, etc. as the process progresses.
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Huffman Tree Example 1

binary tree,



Huffman Tree Example 1

BPP = Entropy = 2.1875 hits
CR=137:1



Huffman Tree Example 2



Huffman Tree Example 2

BPP = 2.48 bits
Entropy = 2.42 bits

CR=12:1



Huffman Decoding

uniquely decodable
only oneinterpretation

traversing thetree



Huffman Decoding Example

second example



Comments on Huffman Coding

 Huffman image compression

noise-sensitive

I
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L ossy | mage Compression



LOSSY IMAGE CODING

« Many

few
Block Truncation Coding
Vector Quantization Coding

Discrete Cosine Transform
JPEG Standard

Wavelet Image Coding JPEG-2000



History of lmage Compression Advances

compression ratios

f

r:/




Goalsof L ossy Coding

— Compression
— Computation
— Cuality



Artistic image coding with significant loss
(Cezanne)

Artistic image coding with little loss
(Degas)

37



Broad M ethodology of L ossy
Compression

many



Block Coding of | mages

e Most

sub-blocks
Wavelet methods exception



Why Block Coding?

e Reason: highly nonstationary:
different areas different
properties,

local coding more efficient

4x 4 8x 8, 16X 16.



Block Truncation Coding
(BTC)



Block Truncation Coding (BTC)

e Fast

4 x 4 blocks 128 bits

Index them

single block



BTC Coding Algorithm

block sample mean:

B, bits
block sample standard deviation:

B, bits



BTC Coding Algorithm

16-bit binary block:

121 114 56 47 1 1 0 O
37 200 247 255 O 1 1 1
16 0 12 169 O 0 0 1
43 5 7 251 O 0 O 1



BTC Quantization

guantization

presence
not magnitude




BTC Block Decoding



BTC Block Decoding Example

204 204 17 17
17 204 204 204

17 17 17 204

17 17 17 204



o Attainable compressions by ssmple BTC In
therange 4.1 - 5:1.

e Combining with of the
guantized data, in the range 10:1.

 Popular in
applications. Used by the Mars Pathfinder!
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Vector Quantization
| mage Compression



Vector Quantization | mage Coding

many variations

e Coding very computation-intensive
Decoding

4 x 4 blocks



Theimage | isbroken into 4 x 4 blocks
b,m=1,..., MN/16.

From these, compute a of P"typical” 4 x 4 blockst, p
=1,..., P.
Thisisdone using a which divides a space

of pointsinto likely groups according to a distance criterion.
Usually 256 < P < 1024.

Simplest: Use K-Means Clustering with K=P. 52




K-Means. Simple Clustering M ethod

16-D

e Partition K 16-D clusters
within-cluster sum-of-sguares:

block means

e Lloyd'sAlgorithm:

o Complexity:



2 X 1 Codebook Example

16-D,

centroids



Codebook Computation

very time-consuming.
e Unrealistic for real-time encoding.

o Approximate

"universal" codebook



If codebook is computed from |, finding the centroid
of the cluster that block b belongsto is

If auniversal codebook iIs used, then the closest
centroid must be

The typical block t .. isfound that IS closest to b:

- : 1 16
g =g milln \/mZ[b(p) -tq(p)]

p=1

Theindex g* isthe for b! Thisiswhat Is stored

or transmitted.
56




While codebook construction and search are very
time consuming ....

Decoding Is | Just a codebook |ook-up!

Of course the codebook Is
(communications scenario).

Given acode (index) g for block b, the typical

codet, represents b in the -




 VQ Isan excelent example of an
(coder-decoder).

o Great for apps where coding timeisless
Important but
e.g., Image libraries.

e Compression ratios CR = 15:1 - 20:1 are

58




SimpleVO Example 1




Simple VO Example 2




* Oneeffective variation is where the block
means and standard deviations are computed, and the blocks
normalized by them:

B(p) = XP) =D

Op

e The moments b and 5, are quantized and stored/transmitted

* VQisapplied to the normalized blocks 3 to form a
“classified codebook” which can be much smaller or more
accurate. -
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The remains the most widely-used method of
compressing images.

JPEG = an internationa
standardization committee.

Standardization allows device and software manufacturersto
have an for compressed images.

In thisway, everyone can “talk” and “share’ images.

The overall JPEG Standard is quite complex, but the core
algorithm is based on the 29




Discrete Cosine Transform (DCT)

DCT

IDCT



DCT Basis Functions
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JPEG is based on quantizing and re-organizing block DCT
coefficients.

The DCT isvery similar to the DFT.

First, O(N4logN?) algorithms exist for DCT - dightly faster than
DFT: all real, arithmetic.

The DCT yields than the
DFT, which suffers from more serious .

: The DFT impliesthe image is N-periodic, whereas the
DCT impliesthe IS 2N-periodic. o




Periodicity Implied by DET

e Periodic extension



Periodicity Implied by DCT

r eflected signal

e |In fact



Quality Advantage of DCT Over DET

high
frequency discontinuities

must be well-represented

blocking artifacts

NOT
higher quality for a given CR.



Overview of JPEG

Joint Photographic Experts Group
DCT

guite complex
JPEG baseline system




JPEG Standard Documentation

gigantic



JPEG Basaline Flow Diagram

DCT Quantization Rearrange Data

(Zig-Zag)

Quantization
Tables

Huffman Coding
Tables

DPCM

Entropy
Coding

RLC




JPEG Baseline Algorithm

8 x 8 blocks

user-defined
nor malization array stored /
transmitted
human vision

visibility of DCT basisfunctions



JPEG Baseline Algorithm

Uniformly quantize

integer array many zer os.



JPEG Quantization Example



JPEG Quantization Example

Zer 0S. DC value

good energy
compaction,



» Rearrange quantized AC values
19(u,v); (u,v) = (0,0)
 Thisarray contains especially at high
frequencies. So, rearrange the array into a1-D
vector using

015 614152728
2 4 7 1316262942
3 8 1217253941 43
O 11 1824 31 40 44 53
10 19 23 32 39 45 52 54
20 22 33 38 46 51 55 60
21 34 37 47 50 56 59 61
35 36 48 49 57 58 62 63.

[’/



Data Re-Arrangement Example

e Many



Handling of DC Coefficients

simple DPCM DC values
reduce  DC entropy.

difference

|ossless
Huffman coder



Huffman Coding of DC Differ ences

category



Run-L ength Coding of AC
Coefficients

many

Skip
Value

end-of-block



Huffman Coding of AC Values

another



IS accomplished by reversing the
Huffman coding, RLC and DPCM coding to
recreate|®
e Then
to create thelossy DCT

(oY =Q®I?
* The decoded image block isthe IDCT of

the result .
lossy _— T lossy
10 = 1DCT| 1™ .




e The IS recreated by putting
together the compressed 8 x 8 pieces:.

(lossy _ [Ilkosw]

« Thecompressions that can be attained range over:
8 : 1 (very high quality)
16 : 1 (good gquality)
32 : 1 (poor quality for most applications)

84




JPEG Examples
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Basically, RGB imageis converted to YUV or Y CrCb
Image (Y = intensity, UV or CrCb = chrominances — see
Module 10)

Each channel Y, U, V Is JPEG-coded (no
cross-channel coding)

Chrominance images may be first

Different quantization / normalization table may be used
93




JPEG Color Quantization Table

e Sparser sampling Sever e quantization

regional attribute



Wavelet Image Compression



Wavelet |mage Coding

e |dea

ge bl no blocking
artifactd!

JPEG2000 standard

perfect reconstruction



Compression Via DWT

Coefficient
guantization

orthogonal or bi-orthogonal

basi S



e Recall that wavelet filters the
Image into high- and low-frequency bands, called
. Each frequency band can be coded

O, 0)

Low Low ngh Low

o

e Thesearecaled
08




o Typically frequency division is done iteratively on
the :

(0, 0) (0, 0)

| ] AREEEEEEEN
1] EEENEEEEEE
i

HL
LLLH|LLHH -

EEEEEEEE

HEEEEEEE
LH HH

1

"Pyramid" Wavel et "Tree-Structured"
Transform Wavelet Transform

99




Wavelet Filter Hierarchy

 Filter outputs  wavelet
coefficients.

e Subsampling non-
redundant
exactly

e |dea:
quantized higher
frequency coefficients
more severely.

JPEG2000 Standard



* Recall the

H, (0)Go(0) + H,(0)G, (0) =2 foral 0<o<m (DSFT)
hence also H_(U)G, (u) + H, (u)G, (u)=2 foral 0<Su<N-1 (DFT)

and
H,(0+1)G,(®) + H,(0+1)G,(0) =0 foral0<o<n (DSFT)
hence also H_(u+N/2)G, (u) + H, (u+N/2)G,(u)=0 foral 0<Su<N-1 (DFT)

o ThefiltersH,, H,, G,, G; can be either
or they can be bi-orthogonal

NOCHOS bl

foral m n=0, 1. 101




Bi-Orthogonal Wavelets

are useful sincethey can be
made even-symmetric.

better results
Image compr ession.

do not good ener gy
compaction orthogonal wavelets



Bi-Orthogonal Wavelets

large
Image blocks

cyclic
convolutions

symmetric extended
periodic extended.

e Symmetric wavelets better approximations to symmetric
extended

standard bi-orthogonal wavelets



H,(0) = 0.026749
Hq(1) = -0.016864
Hy(2) = -0.078223
Ho(3) = 0.266864
Hq(4) = 0.602949
Hy(5) = 0.266864
Hy(6) = -0.078223
Hy(7) = -0.016864

LI /QO\ — N NOQR7AN
Hy(8) = 0.026743

These are used In the

Hq(0) = 0

H,(1) = 0.091272
H,(2) = -0.05754
H,(3) = -0.59127
H,(4) = 1.115087
H,(5) = -0.59127
H,(6) = -0.05754
H,(7) = 0.091272

L1 /Q\ — N

M;(0) = U

Go(0) = 0

Go(1) = -0.091272
Go(2) = -0.05754
Go(3) = 0.59127
Go(4) = 1.115087
Go(5) = 0.59127
G(6) = -0.05754
Go(7) = -0.091272

n 1O\ — N
Gy3)= 0

G,(0) = 0.026749
G,(1) = 0.016864
G,(2) = -0.078223
G,(3) = -0.266864
G,(4) = 0.602949
G,(5) = -0.266864
G,(6) = -0.078223
G,(7) = 0.016864

N O\ — N NOQT7AN
G,(6) = 0.026743
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D9/7 DWT of an Ima




Zero-Tree Encoding Concept

many proposed
complex.

zer o-tr ee encoding:
scan from lower to higher freguencies run-
length code

QHL

HL
LLHH

/HH
|

L

—




to go into depth, and
enough to spend much time on.

— Better compression at low bitrates
— Scalable (can truncate bitstream at any point)
— No Blocking artifacts

— Complex encoders/decoders
— Only dlightly better compression at high bitrates

— Ringing artifacts
107




JPEG2000

Quantize
| tiles | D9/7 DWT

significance L

codeblocks precincts

Packets
arithmetic coder




v v
121 112
v v
Go G1
. OX
requires v v
| 12 12
— Decompression of the 7 i
wavel et coefficients Go G,
— Reconstructing the _4944
Image from the Y
decoded coefficients: Tf Tf
Go G1

-)

code 109




JPEG2000 Wavel et
Compression Example
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Comments on Wavelet Compression

water ed-down
e Reason:

vastly
cheap memory

propriety.

high compression



e |f interested....
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Comments

pProcessing images
under stand
Image analysis Module 7.



