274

VII. Data Compression (A)
¢ B Sgeid Bl
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(1) fI* Fokteh- =4 > KRN > 2 ¥ FFRIE

(exploit redundancies and predictability, find the compact or sparse representation)

(2)3»’#’5’5’%' SR L hp KT k- BRE 0 PRA
»T“LB 4 ¥ 18 l%iﬁ“'t‘@ﬂﬁ

Q: d & R EFH L B 7

Q) FTokAR- > N AP FEARE Y

¢ 3% Fourier transform domain, histogram, eigenvalue ........... F 3 moen

;1

Eiad



Data type | Compression technique Compression rate
Audio * mp3
Image *.Jpg
*.mpg *.mpeg
Video *mpd *.avi

*wmv *.mov
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L o T AL R
Article:

Song:

Cartoon or Mark:

Compression: Original signal = Compact representation + residual information
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® 7-B Compression for Images

o Biifrn M — R4

Space domain: # — BEERE 5 ¢ foip ARePBEE 2L 451T
Flm, nt+1] = Flm, n], Flm~+1, n] = Flm, n]

Frequency domain: + % & ¢ % ®H#F chp = o

-—



Peppers Image - space domain F &1— IR+

«10% histogram for x[m,n+1]-x[m,n] for Peppers Image

2 .

1.5F .
(horizontal difference)

1 - —
0.5 .
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«10% histogram for x[m+1,n]-x[m,n] for Peppers Image
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Histogram:

- e

St

- % vector & — B matrix § ¢ » F § b BLE £

Glde D x[n]=[12344553554]
B x[n] 7 histogram 3

A[11=1,h[2] =1, h[3]1=2, h[4]=3,h[5]=4
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Lena Image #f 3% (frequency domain) - 3k |4
Lelp, q] = [f12(L[m, n])|
Lim, n] (* 3 RR Ak amplitude)

100 200 300 400 500 100 200 300 400 500
—_—
q
M N - —j27zl;\7m —jZﬁ%
Lelpa)= fi2{L[mnly =Y > Llmnle e
m=1 n=1

LF[p,q]:LF[p+M,q]:LF[p,quN: :LF[p+M,q+N]



-
R

. frequency in the space domain

0% m=M-12 % p Bits)

larger p :

100 150 200

more variation in the space domain

250
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® 7.C JPEG Standard

Process of JPEG Image Compression

Image
PR AC ¥k | Zigzag Huffman JPEG
4:2:2 8x8 L 8x8§DCT || — » Scan » Coding J| file
or 4:2:0 N
4
+» & 8x8 block 34 DCi | % & | Huffman |
7 7 OX6 bIOCKs = " 4% [ | Coding ]

o1 £ * Plw B I (1)4:2:2 0r4:2:0 (fr space domain - K |44p ki)
(2) 8 x 8 DCT (4~ frequency domain e7— 3 {4 4p i)
(3) £ 4 %% (f space domain - IR+ 4p H)

(4) Huffman coding (§v lossless % #8 H it 4p i )
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JPEG @ B2 i %l a8 > % @ Joint Photographic Experts Group
JPEG F = % zk . http://www.jpeg.org/
%+ 3% <~ © G. K. Wallace, “The JPEG still picture compression
standard,” IEEE Transactions on Consumer Electronics, vol. 38, issue 1, pp.
18-34, 1992.
JPEG =7 FAQ %k . http://www.fags.org/faqs/jpeg-faq/
JPEG eh . % C3F 7 #2535 45 ¢

http://opensource.apple.com/source/WebCore/WebCore-1C25/platform/image-
decoders/jpeg/

- A d Fhor T OURSE20 B o

B H g i d ?l/):iﬁriﬂj301fo
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lossy compression techniques

BERrEER kTR

Examples: DFT, DCT, KLT (with quantization and truncation),

4:2:2 or 4:2:0, polynomial approximation
LEEEE
lossless compression techniques
TR rEER RATR

Examples: binary coding, Huffman coding, arithmetic coding,

Golomb coding

R g 5 i



® 7-D 4:2:2 and 4:2:0

Y| [0299 0.587 0.114 |[ R
C, |=|-0.169 -0.331 0.500 || G
' C.| | 0500 -0.419 -0.081]| B |
R:red, G: green, B: blue
Y: 2 &, C:0.565B-Y), C.:0.713(R-Y),
4:4:4 4:2:2
N N
N N
M Cb M/2 Cb
N N
" Cr M/2 Cr

M/2

M/2
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24 bits/pixel — 16 bits/pixel — 12 bits/pixel

(b)Y D)B (DB fchr KL F >

;B i ¥ > * interpolation 7 3\
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F B8] R A
50 50
100 100
150 |

150 |

200 200

250 250

50 100 150 20 100 150
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20
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(c)



® 7-E Optimal Transform--KLT

290

48 ¥ ¢ DFT enigdt gk

e Karhunen-Loeve Transform (KLT)
(similar to Principal component analysis (PCA))

It 1s optimal, but dependent
on the input

+@ﬁfw,ﬁ%%%%ﬁﬁﬁéw%ﬁﬁm%ﬂ

AR B A A > $oABE F 2

N-1
e 1-D Case X[u = [n]K u, n
n=0
Klu, n]=e [u] (K=1[ey €, € -+.rs 11"

e, = covariance matrix C =7 eigenvector

mean

Clm, n] = cov(x[m], x[n]) = E| (x[m]—x[m])(x{n] - x[n]) |

Note: cov % % covariance
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KLT 32 35 2 # .

B KLT 2. %5 > % u, #u, B X[u,] 4o X[u,] 2. B ¢ covariance <
% 273 % (7 decorrelation)
™ cov(X[u], XTwo)) = E[ (X[, ]— X[ D(XTu, 1= X[u,) ] =0
If we set
x:[x[O],x[l],X[2],'--,x[N—l]]T X:[X[O],X[l],X[Z],-..’X[N—]]]T

and C=E((x-x)(x-%)) where X=E(x)

Cyx =E((X-X)X-X)") where X=E(X)

then
C[m,n] = COW(x(m),x(n)) Cy [ul,uZ] = carr(X(ul),X(uz))
C, should be a diagonal matrix.

Also note that
X =Kx X =Kx
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Cx =E((X-X)(X-X)")

Since X =KXx X =Kx

Cy = E((Kx-Kx)(Kx-Kx)" )= E(K(x-X)(x-X) K"
=KE((x-x)(x-%)" )K" =KCK'

To make Cy a diagonal matrix, the KLT transform matrix K should
diagonalize C. Suppose that the rows of K are the eigenvectors of C is:

C =EDE'

where each column of E 1s an orthonormalized eigenvector of C and each
diagonal entry of the diagonal matrix D 1s the eigenvalue, then we can set

K=E'
Then
C,=E'EDE'E=D

is a diagonal matrix.
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,_‘

M—-1N-

e 2-D Case X[u,v] = x[m n]K u m]K[v n]

m=0 n=0

KLT 4 gk: dependent on image
(* % > 7 & - & o4k transform matrix)

Reference

W. D. Ray and R. M. Driver, “Further decomposition of the Karhunen-Loeve
series representation of a stationary random process,” IEEE Trans. Inf. Theory,
vol. 16, no. 6, pp. 663-668, Nov. 1970.
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® 7-F Suboptimal Transform-- DCT

Suboptimal, but independent of

e DCT: Discrete Cosine Transform the input

M-1N-1
Fluv] 2C ]C[v sz - n]COS(2m+1)u7z S(2112+]\1[)v7z
m=0 n=0

Clo1=1/~2 ,Clu]=1foru#0

IDCT: inverse discrete cosine transform

S
=

f[m,n]z%Nu V_IF[u,v]C[u]C[v]cos

m+Nur cos 2n+1)vr
2M 2N

Il
=
[l
(e

53 % R4 e m = > DCT #% 49 17 92 KLT (near optimal)
£ H B & corr{f[m, n], fm+z,n+n]} =pldpll, p—1p

4

7 fast algorithm

Advantage: (1) independent of the input (2) near optimal (3) real output
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DCT
2C[u]Cv] & & Cm+Durxr  (2n+1)vr
F ) — ’
[u,v] N mzon:of[m n|cos T o
=1/N2  ,Clu]l=1foru=0
M-1N-1
,v] =10, 0]: DC t F10,0 S m.n
[, v] = [0, 0]: DC term ]J—ZZ ]

u+0orv=0:;: AC terms oy N
’ * Q&;?}m?F?

It can also be rewritten as

2m+1
Fl[u,n]=\/%0[u12f[m nJeos' m;}” n=0,1,2, ..., N-1,
(N times of M-point 1D DCT)

Flu,v]= \/%C[v]ZF [1t,n]cos (2’”’;;)"” u=0,1,2, ..., M-1,
) (M times of N-point 1D DCT)
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L B : % DFT > DCT & 2ha0 £ (B 1955)0 4 7)) $ &
T
DCT output
sort A A A A
Xc[p.q] > X [k] X[z X [2]2 X [3]2
5 =104 36 x10°
3.5
1.5 | . 3.4
3.3
Xo[k] 1} X [S]2 3.2
/DCT 3.1
0.5}
v
2.9
DFTO : : : : 2.8 ' ' :
0 20 40 60 80 100 0 50 100 150 200

Energy concentration at low frequencies: KLT > DCT > DFT
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Mg o AP & 8 x 8 e £ 1EDCT

Why:

. |
| image
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Structural Similarity (SSIM)

B 5L Pl% B3 B (including images, videos, and vocal signals) z_ ¥
AP LB N

(1) maximal error Max(‘y[m,n] ~ x[m,n]‘)

M-1N-1
(2) mean square error (MSE) Z b’ [m,n]—x[m, n]\
m 0 n=0

n=
M-1N-1

Z‘y[m,n] —x[m,n]‘2

(3) normalized mean square error (NMSE) m=0

(4) normalized root mean square error (NRMSE) [m=0x
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(5) L,-Norm
M-1N-1 3 Ve
-, [ )~ x{m.n] ]
m=0 n=0
M—1N-1 Va
V—=X| =—— ylm,n] x[m,n]aj
P \

(6) signal to noise ratio (SNR) » 3 55 a2 ¥ *

M-1N-1

> 2 lalm,n]’
10log,o | 7571 e )
‘y[m,n]—x[m,n]‘

Il
=)

m=0 n
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(7) peak signal to noise ratio (PSNR) » 2% itk 2 ¥ *

Xy the maximal possible
X; value of x[m, n]
10log,, TR — )
m,n]—x[m,n In 1mage processing, X,,,, = 255
N nzo\y[ 1= x{m,n] gep g, Xy
: X2
for color image: 10log,, M
2
e — m,n]l—x_, [m,n
3MN RszB mz;) nz:; ycolor ] color[ ]‘

color=R, G, or B



7xm@m > MSE 4= NRMSE BER AT A PR £ 18D
F A BRI Fajp R
] 4 7E [B]

200 250

50 100 150
] — iy
Bl= = Bl- x0.5+2555x0.5
PRI ki o Bl- foBl= fApiT
7@ > Bl- frBl- 2 B 7 NRMSE & 0.4411

Bl- @ = 2 ¥ 57" NRMSE 3 0.4460

150 200 250

—_
—_—
—

50 100

302
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(8) Structural Similarity (SSIM)

7 # MSE fe PSNR &2 = 2 F ph L L E TR X i i » &
2004 & A% 21k ehRTEREL R E 2 2

2 2
(2p.1, + (L)) (20, +(c,L)")

M= (s i+ (017 (07 + 0 + @L7)

DSSIM (x,y) = 1-SSIM (x, y)

f, 4,: means of x and y o, o, variances of x and y
o,,: covariance of x and y ¢, C,. adjustable constants
M N
ny MNZZ x[m n] lux)( [m n] ,Lly) where H. = MLZZX[WZ,H]
m=1 n=1 m=1 n=

L: the maximal possible value of x —the minimal possible value of x



2% SSIM> ¥ % F ehe, e, 3% 5 1/JL
B- -~ Bl= 2 FrSSIM 5 0.1040
B- - Bl=2 FSSIM 5 0.7720

Fpd o Bl- ~Bz2Fmyd 3 i3 apnR

g s F BESY Ap BE B (correlation) i E_&

O,

0.0,

corr(x,y)=

Z. Wang, A. C. Bovik, H. R. Sheikh, and E. P. Simoncelli, “Image quality

304

assessment: from error visibility to structural similarity,” IEEE Trans. Image

Processing, vol. 13, no. 4, pp. 600—612, Apr. 2004.



Hi BB * MSE{-NRMSE &% 5 di4piu & » w £ 7 2% SSIM 4 &)
AR 2 B 00A)

¥’ 3+ shadow

50 |
100
150

200

250 |

50 100 150 200 250

i8] = i8] 7
NRMSE =0.4521 (+ **B]—- ~ Bl= 2 B 5 NRMSE)

SSIM = 0.6010
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& % the negative of a photo

50
100
150

200

A 250 5 :
50 100 150 200 250 50 100 150 200 250
Bl = R -
B- = 255 — B~

NRMSE = 0.5616 (% **Bl—- ~ Bl= 2. & 7 NRMSE)

SSIM =-0.8367 (% & f 4P )
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F25 > 2% & % F (Same shape but different intensity)

20
40

Bl ~ 60
80

100

120

20
B4 4
60
80
100
120

NRMSE =0.4978 (=~ ** B]- ~ B]= 2z & 7 NRMSE)
SSIM = 0.7333
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¥t vocal signal (B35 5 5.m 3)
MSE 4= NRMSE #_F E cc F g 3 B 3 5engp v A 2

R

Perceptual Evaluation of Speech Quality (PESQ)

A. W. Rix, J. G. Beerends, M. P. Hollier, and A. P. Hekstra, “Perceptual
evaluation of speech quality (PESQ)-a new method for speech quality
assessment of telephone networks and codecs,” in [EEE Int. Conf.
Acoustics, Speech, and Signal Processing, vol. 2, pp. 749-752, May 2001.



