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e Basic Strategy in Image Compression w

* |deally, an image compression technique removes redundant
and/or irrelevant information, and efficiently encodes what
remains.

o Practically, it i1s often necessary to throw away both non-
redundant information and relevant information to achieve
the required compression.

* Ineither case, the trick isfinding methods that allow
Important information to be efficiently extracted and
represented.
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Some Factors Affecting Achievable Compression

Bernie Brower

Sample parameters (spatial resolution, bit depth).

Sensor characteristics (noise, spectral response).

Scene content, including noise.

Image size and viewing distance.

Display characteristics (noise, light level, non-linearities)

Post Processing (Sharpening, Dynamic Range
Adjustment (DRA), Tone Transfer Curve (TTC))

Pre-Processing (image formation, registration)
Observer (1A, machine)
Required task



Systems Engineering

L ossless (Reversible) Compression

(S

» Theimage after compression and decompression is
Identical to the original.

* Only the statistical redundancy is exploited to achieve
compression.

e Datacompression techniquessuchasLZW or LZ77 are
used in GIF, PNG, and TIFF file formats and the Unix
“*Compress’ command.

e |Image compression techniques such as lossless JPEG or
JPEG-L S perform dightly better.

e Compression ratios are typically ~2:1 for natural imagery
but can be much larger for document images.
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Lossy (Irreversible) Compression

(S

* The reconstructed image contains degradations with respect
to the original image.

« Both the statistical redundancy and the perceptual irrelevancy
of iImage data are exploited.

e Much higher compression ratios compared to |ossless.
e Image quality can be traded for compression ratio.

o Theterm visually losslessis often used to characterize lossy
compression schemes that result in no visible degradation
under a set of designated viewing conditions..
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Compression Framework

Original
Image Data
~ Compressed
Color or Multiple Imagei)ata

Component
Transformation

Rate Control

| o] ]

Transfgrrmation —>| Quantization —> Modeing &

Decomposition >
P | ossless

Encoding
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- Decomposition or Transformation

* A reversible process (or near-reversible, dueto finite
precision arithmetic) that reduces redundancy and/or provides
an image representation that is more amenabl e to the efficient
extraction and coding of relevant information.

e Examples
— Block-based linear transformations, e.g. Discrete Cosine Transform
(DCT)
— Wavelet decompositions.

— Prediction/residual formation, e.g. Differential Pulse Code Modulation
(DPCM)

— Color space transformations, e.g. RGB to Y CrCb.
— Model prediction/residual formation, e.g. Fractals
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i DPCM (L
e Lossess JPEG and 4.3 DPCM are based on differential pulse
code modulation (DPCM).

— In DPCM, a combination of previously encoded pixels (A, B, C) is used
as aprediction (c) for the current pixe (X).
— The difference between the actual value and the prediction
(c - X) isencoded using Huffman coding.
» The quantized difference is encoded in lossy DPCM
— Properties
* Low complexity
» High quality (limited compression)
* Low memory requirements

Histogram of Histograrn .Of
Original Signal Difference Signal
c=A
B|C ¢ = (A +C)/2 \/\/\/\/‘
A | X c=(A+C-B)
0 N -N 0 N

(o]
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bl Original DPCM output
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Example Block From Lena I mage

Following is an 8x8 block of the Lenaimage where each
pixel value has been level-shifted by subtracting a value of

128.
8 |14 | 23| 37| 52 | 68 | /3 | 82
6 | 14 | 24 | 37 | 46 | 67 | 714 | 81
3 | 11 | 28 | 35 |48 | 62 | 72 | 82
x(k.1) = 4 | 13| 22 | 28 | 4 | 61 | 69 | 86
5 |11 | 18 | 30 | 40 | 59 | 72 | 86
S} 9 |16 | 29 | 39 | 38 | 74 | 83

-1} 8 |16 |31 |38 |39 | /5| 80
2 |11 | 18 | 30 | 37 | 57 | 69 | 82
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2-Dimensional 8 x 8 DCT Basis Functions
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« DCT coefficients can be viewed as welghting functions that,
when applied to the 64 cosine basis functions of various
gpatial frequencies (8 x 8 templates), will reconstruct the
original block.

e Image Representation with DCT

1
T i
Original DC (flat) basis AC basis
Image block function functions
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e g DCT of 8 x 8 Image Block

The 8 x 8 DCT of the block preserves the block’ s energy
(sum of the squared amplitudes), but it packs the block
energy into asmall number of DCT coefficients by
removing the pixel redundancy or correlation.

DC_~327.5|-2158|16.1|-10.7|-3.7|-15| 42 | -6.7
Vaue |181| 34 [-99] 37 |05[-32]35] 22
25| 13 |-54] 28 |-1.0] 23|-16|-26
06 | -25 [ 30| 50 | 18|22 |-26|-14
03| 16 [34| 00 |25|-51|16|-07
06| -18 [-24]| 05 [-04[-1.6[-0.1] 2.1
09 | 16 |-06]-0.7[21]-05/09] 28
06 | -10 |-29|-14[02]19]-06]07

y(u,v) =
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= 1-D Discrete Wavelet Transform (DWT) w

 Theforward discrete wavelet transform (DWT)
decomposes a one-dimensional (1-D) sequence (e.q.,
line of an iImage) into two sequences (called
subbands), each with half the number of samples,
according to the following procedure:
— The 1-D sequence is separately low-pass and high-pass
filtered.

— The filtered signals are downsampled by a factor of two to
form the low-pass and high-pass subbands.

— Thetwo filters are called the analysisfilter bank.
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The 1-D Two-Band DWT

low-pass low-pass

o | o ‘ ‘ * 1 ym
sl o

high-pass high-pass
Analysis filter bank Synthesisfilter bank

|deally, it is desired to choose the analysis filter banks (h, and
h,), and the synthesis filter banks (g, and g,), in such away so
as to make the overall distortion zero, i.e., X(n) =y(n). Thisis

called the perfect reconstruction property.
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P eices Horizontal Low-pass (-1, 2,6, 2, -1)/8
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Systens Enoineering Horizontal High-pass (-1, 2, -1)/2, Scaled up 4X i Kodak
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2-D Wavelet Decomposition
LL3JHL3
HL2
HL1
LH2 | HH2
Horizontal |
LH1 HH1
Vertical !
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e Original Lenalmage
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~1-Level, 2-D Wavelet Decomposition of Lenm
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~2-Level, 2-D Wavelet Decomposition of Len
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~3-Level, 2-D Wavelet Decomposition of Len
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3-Level, 2-D DWT with (9,7) Filter

. 7) ort
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3-Level, 2-D DWT with (5,3) Filter

(5,3) orthonormal filter, AC scale = 4, DC scale =1/8

Bernie Brower o
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Quanti zation
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A many-to-one mapping that reduces the number of possible
signal values at the cost of introducing errors.

Quantization

The simplest form of quantization (also used in al the
compression standards) is scalar quantization (SQ), where
each signal value is individually quantized.

The joint quantization of a block of signal valuesis called
vector quantization (VQ). It has been theoretically shown
that the performance of VQ can get arbitrarily close to the
rate-distortion (R-D) bound by increasing the block size.

In lossy compression schemes, quantization acts as a control
knob for trading off image quality for bit rate (compression
ratio).

Bernie Brower 29



NIVES <:H
~ = Uniform Threshold Quantizer (UTQ) [
Q Q Q Q Q
< > > > )|( >
| | | | |
-2Q -Q 0 [ | +20

_ | | I |y -
5Q/2 ‘ 3Q/2 ‘ Q/2 ‘ Q/2 ‘ 3Q/2 ‘ 5Q/2
2 1 0 +1 +2

e InaUTQ quantizer, al bins have the same size. The bin size
Q iscalled the quantizer step size. The quantization
dequantization rule for a midpoint reconstruction is given by:

— Quantization rule;

— Dequantization rule;

q = NINT[y/Q)
2=0-Q

— Wherey istheinput signa, q is the resulting quantizer index, zis the
reconstructed (quantized) value, and the NINT operation denotes
rounding to the nearest integer.

Bernie Brower
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Example UTQ

e Quantization: encoder input value = - 27.21
o Scalebythestepsize® (- 27.21)/(20) = - 1.3605
e Round to the nearest integer to get quantizer index =- 1

(S

e Deguantization: decoder received index = - 1, step size =20
o Multiply quantizer index by stepsize® -1x20=-20
e Error=-27.21-(-20) =-7.21

2721 20
< >
| *— | | |
-40 -20 0 +20 +40
50 -30 210, +10 1 +30 1 +50
\/ \/ \/ \/ \/
-2 -1 0 +1 +2
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Q , Q | Q 2Q Q , Q | Q

e e L N S o L S
| | | | | |

|
-7Cy2 -5C»2 -3qb2 6 +3&y2 +5&y2 +7&y2
4Q ;. -3Q, -2Q | -Q i +Q | +2Q | +3Q | +4Q

\ Y Y v ) Y
-3 -2 -1 M 42 43
* Quantization rule: zZ=dgna— g y\
&6Q u

 Deguantizationrule: z=(g+ r- sgn(q)) » Q

wherey isthe input signal, q isthe quantizer index, zisthe
reconstructed signal value, sign(x) is sign of x, éuddenotes
the largest integer smaller than x, and r is the reconstruction
bias (r = 0.5 corresponds to midpoint reconstruction).
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Symbol Modeling And
Encoding
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S Symbol Modeling and Encoding

« Symbol modeling and encoding involves the process of
defining a statistical model for the symbols to be encoded
(e.g., quantizer output levels or indices) and assigning a
binary codeword to each possible output symbol based on its
statistics.

* The resulting code should be uniquely decodable, i.e., each
string of input symbols should be mapped into a unique string
of output binary symbols.

o Examples are fixed-length coding, Huffman coding,
Golomb-Rice coding, arithmetic coding, L empel-Ziv-
Welch (LZW) coding.
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Services

Pixel
Value

0

1
2
3

0.60
030

005
005

Huffman Codes

Probability Codel Code?2

Fixed Huffman
00 0
01 10
10 110

11

111

Linel
Code 1l
Code 2

Line?2
Code 1l
Code 2

=

0040001011
00001100000001000101
0 01110 0 0 10 0 1010

0030001011
00001000000001000101
0O 01100 O 0 10 0 1010

« Average length of Code 1 = 2.0 bits/symbol.
« Average length of Code 2 = 1.5 bits/symbol.
 Code2isaprefix code, i.e., no codeword is a prefix of any

other codeword (uniquely decodable)

* A Huffman code has an average length that is less than, or
equal to, the average length of all other uniquely decodable
codes for the same source and code al phabet.

Bernie Brower
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Conditioning Contexts

* |Ingenerd, the probability of a sample having a certain
value is influenced by the value of its neighbors. Thus, the
symbol probabilities can be conditioned on the values of
the symbols in a neighborhood surrounding them. For a
given neighborhood configuration, each combination of the
nelghboring samples denotes a conditioning context.

(S

* Theconditional entropy of acorrelated source can be
significantly less than its zeroth-order entropy.

[
0[{0[0|O]0|O[O[O _
0{0(0|0]0|1[{0O(O0O |
0{0(0|0]21]1{0(O0 | X
0{0(0|0]21]1{0(O0
0[{0[0|O]0|O[O[O
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Conditioning contexts can

capture the redundancy in the
Image:

No conditioning contexts
Entropy = 1.0 bit/pixel

7-neighbor conditioning context
Entropy = 0.14 bits/pixel

Bernie Brower

Most significant bit plane

&
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Example: Entropy of Lena LSB

No conditioning contexts
Entropy = 1.0 bit/pixel

/-neighbor conditioning context
Entropy = 1.0 bits/pixel

Least significant bit plane

Bernie Brower 38
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s Arithmetic Coding (AC)

e An arithmetic coder accepts at its input the symbols in a source
sequence along with their corresponding probability estimates, and
produces at its output a code stream with alength equal to the
combined ideal codelengthsof the input symbols.

« Some implementations of arithmetic coding adaptively update the

symbol probability estimate in each context as the symbols get
encoded.

o Practical implementations of AC, such asthe JBIG/JPEG QM -Coder
or MQ-Coder

Source symbol sequence

> Codeword
v Arithmetic Ssequence
Probability | |  Coder g
Estimate
AT

Bernie Brower 39



s s Rate Controller

* A rate controller is used when an exact compression rate or
Image throughput isdesired (e.g., DDS 1.3 DCT).

« Therate controller changes the amount of quantization
dependent on the output bit rate and the desired bit rate.

— The quantization is greater (i.e., bin size gets larger) when too many
bits are coming out of the symbol encoder.

— The quantization is reduced when too few bits are coming out of the
symbol encoder.

« The rate control can be performed single-pass (the
guantization step size changes as a function of location in the
Image) or multiple-pass (quantization step sizeis usually
consistent throughout the image, tile or block).

(S
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Color and Multiple Component Transform

Bernie Brower 41



(S

e Color Image Representation

» Color image components are highly correlated due to:

— Overlapping spectral responses of the sensors

— Smooth spectral distribution of surfaces and illuminants

 The RGB color values are often transformed into a new set
of values called luminance and chrominance (such as
Y CrCb, or Y1Q), such that:

— Thetransformed components are less correlated (reduced
redundancy), and,

— The sengitivity variations of the human visual system (irrelevancy)
can be taken into account, e.g., the chromatic components may be
subsampled or compressed more aggressively.

Bernie Brower 42



S Y C,C, Color Space

(S

Thisisthe most commonly used color coordinate system for
the representation of image and video signals:

Y =0299(R- G)+G +0114(B- G)
C, =0564(B- Y) and C, =0713(R-Y)

éY( é 0299 0587 01143éRy
€C,U=¢€ 0169 - 0331 0500UéeGU
&c Y € o500 - 0419 - 0o0s1YEBY

éRy  4L0 00  140218Y |
eG“ ?Lo - 03441 - 07142:°C,
ng @10 17718 0.04€C. §
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Chrominance Subsampling Formats

Ch

(S

4:4:4
Format

4:2:2
Format

4:2:0
Format
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Pure Grass Pixel

|
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Hyperspectral Information Cube (AVIRIS) (@

|

S\

Pure Water Pixel

Pure Concrete Pixel /

Bernie Brower

50% Water, 50% GrassPixel
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e Spectral Transforms

o Spectral Linear Prediction
— Prediction for aband is generated by using asimple linear modd .
X =acX.;+tb>X_ ,+c
— Coefficients are calculated using least-squares methods
— Coefficients sent as overhead since the prediction is acausal
— For lossy compression, the current band is fully reconstructed
* Principle Components/KLT

— Generates custom coordinate axes based on measured data covariance,
which maximize variance along each dimension

— Optimal in terms of energy compaction

— High complexity: covariance calculation + transform
» Fast transforms (including integerized) are being researched

Bernie Brower 47
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After Transform 1

Spectral Correlation (AVIRIS)
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Entropy of Bands

Entropy of Individual Bands

16

—— Original Imagery
14 -t\ —— Spectral Wavelet
— KLT

12

N N I

Entropy
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Bands
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How To Choose a Compression Algorithm

Standards
Requirements
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T Choosing a Compression Algorithm W

e Q: What isthe best compression technique?
* A: It depends on the application!

e Some factorsto consider:

— Image quality (lossless, visually lossless, visually lossy, acceptable |0ss)

— Operationa hit rate (transmission rate vs. image Size/number requirements)
» Constant bit rate(per block) vs. fixed bit rate(per pixel) vs. constant quantization

— Computational complexity

— Channdl error tolerance

— Encoder/decoder asymmetry

— Artifacts (blocking, noise, edge blur)

— System compatibility and compression standards

— Input image characteristics
» Datatype and previous processing (sharpening, compression)

— Output image applications

— Spatial Accuracy

Bernie Brower ol



= Digital Image Compression Standards w

» Facilitate the exchange of compressed image data between
various devices, applications and users.

e Permit common hardware/software to be used for awide
range of products, thus lowering costs and shortening
development time.

e Severd levds of standards:

— Specification used in limited-access world

« 1.3DCT, 2.3DCT, 4.3 DPCM
— Military Standard used in DoD community

e MIL-STD-188-198A NITFS JPEG DCT, NITFS Vector Quantization
— International standards used in the commercia world

o |SO/IEC 10918-1 (JPEG)
— Very broad tool box; not all JPEG algorithms are the same

Bernie Brower 52



s Image Compression Standards

e Binary (bi-level) images.
— Group 3 & 4(1980); JBIG (1994); JBIG2 (ongoing)

e Continuous-tone still images:
— JPEG (1992); JPEG-L S (1998), JPEG-2000 (ongoing)

* Image sequences (moving pictures):
— H.261 (1990); H.263 (1995); H.263+ (1997), H.263L
— MPEG1 (1994); MPEG2 (1995);
— MPEG4 (1999); MPEGY7 (ongoing)

Bernie Brower
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Standards Background w
e 43 DPCM
— Developed for visually lossless, rate-controlled simple compression for storage and
transmission

— Old technology, current technology can significantly outperform

« 13DCT/23DCT

— Significant development effort to produce a high quality (0.2/0.1 NIIRS loss) at low
bit rates (1.3 BPP/2.3 BPP).

— Old technology, still very competitive but not very flexible
 JPEGDCT/NITFSJPEG DCT

— Developed as acommercial standard to run on commercial PCs (386s) and
commercially viable hardware.

— NITFS/DoD adopted because of quality, flexibility and COTS products
e Vector Quantization

— Developed to compress maps with very fast decompression.

— Used by NIMA to put maps and imagery out on CD.
* NIMA Method 4

— Developed to achieve dissemination to warfighters with very low bandwidth
communication lines

Bernie Brower A4



e Current Requirements
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4.3 DPCM

— 0.0NIIRSloss, 2:1 or better compression, fast decompression
2.3 DCT

— 0.1 NIIRSIoss, 3:1 or better compression, spatial accuracy

1.3 DCT
— 0.2NIIRSlossor less, 1.3 bpp or less, robust to channel errors

NITFS/NIMA VQ
— Fast decompression, variable compression, robust to channel errors
NITFS JPEG DCT

— 0.5NIIRSloss at 8:1 compression, 2.0 min. decompression time
Variable compression ratios, robust to channel errors

NIMA Method 4
— High compression ratios with minimal image quality loss

Bernie Brower 95



Compression Optimization
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e Each compression algorithm has several parameters that can be
modified to improve the quality, increase the compression ratio
(at same quality) or reduce artifacts.

— For example, JPEG optimization can give a5% to 15% gainin
compression with proper optimization of the quantization and Huffman
tables or a0.5 NIIRS improvement at the same compression rate

— Parameters are optimized for the characteristics of the image and/or the
requirements of the compression applications
» Optimization is common for a class of imagery or image characteristics
— Caolor, panchromatic, IR, SAR, noisy, graphic
» Optimization is also common for adesired bit rate (1.3 bpp, 2.3 bpp)
— Quantization tables, Huffman tables

— Parameters can be modified to reduce identified artifacts which may be the
Interaction between the compression algorithm, the image characteristics,
post processing and the display process.
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Compression Rate Distortion w

Compression Rate Digtortion Curves
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Compression Artifacts

» Artifacts of compression are viewable when:

— The compression ratio is pushed beyond the normal working
environment of the given compression algorithm, or

— theimage is processed beyond the “normal” range of enhancements
(i.e., sharpen, sharpen-more, DRA, TTC)
e Common artifacts include;
— DPCM
» Slope overload, water-fall artifact

— DCT
» Blocking, ringing around edges, DCT basis functions

— Wavelets
» Falsetexture, reduction in resolution, ringing

- VQ

» Blocking, contouring
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e Artifactsinclude;
— Slope overload
— Water-fal artifact

DPCM Original

Bernie Brower 59



-

o Artifactsinclude;
— Blocking
— Ringing around edges
— DCT basis functions

Bernie Brower 60
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Wavelet Example (0.0625) ot
Algorithm 1

i ﬁ"l’ﬁ_ﬁ-’? -=

Origina '

Algorithm 3

o Artifactsinclude;
— Falsetexture
— Reduction in resolution
— Ringing

Bernie Brower
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e Channel Errors
* Problemsfrom channel errors are hard to characterize for
each algorithm
« Severa factors affect the image quality when a channel error
IS occurred

— Variable length encoder vs. fixed length encoders

» A channel error in avariable length encoder will propagate until the
encoder resyncsor thereis arestart interval

» A channel error in afixed length encoder only affects that value

— Prediction/transform technigue
» Any incorrect value is propagated to surrounding value depending on the
prediction or transform technique
— Only the block of agiven DCT is affected by an error in the AC components
— Error is propagated from the error pixel to the lower and right for a DPCM

— Depending on the level of the wavelet the error is propagated to the
surrounding 2N by 2N pixels (N isthe level to error occurred)
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orns g Overcoming Channel Errors
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e Protection to channel errors

— Restart markers

» Restart markers are used to restart the algorithm to stop the propagation
of any error that may have occurred before
— Error Dection And Correction (EDAC)
» Forward Error Correction (FEC)
— Will correct errors automatically
e Error Detection
— Can detect errors for retransmission of data

— Re-send data (the smplest of all methods)
* Re-send datathat is bad 2-3 times and make decision (2/3 rule)

— These techniques can be used on the entire data or datathat is
determined to be critical

» For example, the DC component, Huffman tables, quantization tables of
JPEG DCT
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- |mage Sequence Compression (Video) {@

|mage sequences (neighboring frames) are often highly
correlated, particularly if object motion is taken into account

(motion compensation)

M otion-compensated frame differencing can be used very
effectively to reduce redundant information in sequences.

Finding corresponding points between frames (i.e., motion
estimation) can be difficult because of occlusion, noise,
Illumination changes, etc.

Motion vectors (X,y-displacements) are sent to the receiver to
Indicate corresponding points, these vectors are usually computed
over blocks of pixels (e.g., 16x16) to minimize overhead.

Future

Motion
Trajectory

Motion
Trajectory
64
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Tt I mage Sequence Compression (Video) M

 The MPEG system specifies three types of frames within a
sequence:

— Intra-coded picture (I-frame): Coded independently from all other frames
In the sequence. Uses the most number of bits.

— Predictive-coded picture (P-frame): Coded based on a prediction from a
past |- or P-frame. Usesless bits than an I-frame.

— Bidirectionally predictive coded picture (B-frame): Coded based on a
prediction from a past and/or future |- or P-frame(s). Usesthe least
number of bits and cannot be used as areference for prediction.

— Each frame is encoded using 8-by-8 DCT (JPEG like)
U

2134516 |7
S S SN | A A
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» Object based motion compression
— Separate objects (background, object 1, object 2)

— Compress each object separate
» Send updates to objects not background

Original Scene

]

Object 1 Object 2
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