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APSIPA Mission: To promote broad spectrum of research and education
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Outline

e Graph Signal Processing
e Graph spectrum, GFT

e PWS Image Coding using GFT

e Prediction Residual Coding using GGFT

e Image Denoising using Graph Laplacian Regularizer
e Soff Decoding of JPEG Images w/ LERaG

e GSP for 3D Imaging

e Summary & Ongoing Work
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Outline

e Graph Signal Processing
e Graph spectrum, GFT
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fx) .
Digital Signal Processing B

e Discrete signals on regular data kernels.

e Ex.1: audio on regularly sampled timeline.

e Ex.2: image on 2D grid.

e Harmonic analysis tools (transforms,
wavelets) for diff. tasks:

e Compression.
e Restoration.
e Segmentation, classification.
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Graph Signal Processing

e Signals on irregular data kernels described by f(n)
graphs.
e Graph: nodes and edges.
e Edges reveals

1. Data domain is naturally a graph.

e Ex: ages of users on social networks. %:%
2. Underlying data structure unknown.
 Ex: images: 2D grid — structured graph. %

Graph Signal Processing (GSP) addresses the problem of
processing signals that live on graphs.



Graph Signal Processing

Research questions™:

 Sampling: how to efficiently acquire / node
sense a graph-signal? edge
e Graph sampling theorem:s.
 Representation: Given graph-signal, how
to compactly represent it¢
e Transforms, wavelets, dictionaries.
e Signal restoration: Given noisy and/or
parfial graph-signal, how to recover it¢
e Graph-signal priors.
*Graph Signal Processing Workshop, Philadelphia, US, May, 2016. https://alliance.seas.upenn.edu/~gsp16/wiki/index.php?n=Main.Program 10

*Graph Signal Processing Workshop, Pittsburgh, US, May, 2017. https://gsp17.ece.cmu.edu/



undirected graph

A4

. Wy, v 1 1
Graph Fourier Transform (GFT) @ —®
Graph Laplacian: 0 w, 00
A w, 0 10
* Adjacency Matrix A: entry A;; has non-negative 0 1 01
0 0 10
edge weight w;; connecting nodes i and . - -
w, 0 00
* Degree Matrix D: diagonal matrix w/ entry D;; being | 0 W.tl 00
0 0 20
sum of column entries in row i of A. a 0o o0 1
Di,i — Z Ai,j W, w, 0 0
j L | Ve w,+1 -1 0
e Combinatorial Graph Laplacian L: L =D-A 0 -1 2 -T
e Lissymmetric (graph undirected). 1 5 | 0 o -1 1]
e Lis ahigh-pass filter. e = i i iy
+ Lisrelated to 27 derivative. fo(x)< lim X H M) =2 (x)+ flx=h)

h—0

BJTU 11/25/2017
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Graph Spectrum from GFT

e Graph Fourier Transform (GFT) is eigen-matrix of graph Laplacian L.

eigenvalue Wy, 1 1
Lu = 10 O~D——@ -
i — 7" YiS—— eigenvector 'f ' ' ' . . .
\ 1st AC eigenvector TomEl,
R w12=0.1
\ —+—w12=0.01

1. Edge weights affect shapes of eigenvectors. .|\

2. Eigenvalues (=2 0) as graph frequencies.

« Constant eigenvectoris DC. . -
\\\Qﬂ

e # zero-crossings increases as A increases. B S S S w——

 GFT defaults to DCT for un-weighted connected line.
o GFT defaults to DFT for un-weighted connected circle.
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Variants of Graph Laplacians

e Graph Fourier Transform (GFT) is eigen-matrix of graph Laplacian L.

o eigenvalue
L Ui — /fti Ui& eigenvector
e Ofther definitions of graph Laplacians: Characteristics:

 Normalized graph Laplacian: « Normalized.

_ N-1/2 -1/2 -1/2 ~-1/2 Symmetric.
I—n =D LD =1-D AD «  No DC component.

e Random walk graph Laplacian: « Normalized.

Lrw = D_lL — | — D_lA * Asymmetric.

« Eigenvectors not orthog.

* Generalized graph Laplacian [1]: *  Symmetric.
* * L plus self loops.
L, =L+D . Defaults to DST, ADST.

[1] Wei Hu, Gene Cheung, Antonio Ortega, "Intra-Prediction and Generalized Graph Fourier Transform for Image Coding," IEEE
Signal Processing Letters, vol.22, no.11, pp. 1913-1917, November 2015. 13



GSP and Graph-related Research

GSP: SP framework that unifies concepts from multiple fields.

Partial Differential
Eq’ns

Laplace
equation

Machine
Learning

graphical model,
manifold learning,
classifier learning

Max cut, graph
transformatio

Combinatorial
Graph Theory

Laplace-
Beltrami
operator

Graph Signal

Processing™ (GSP)

DSP

BJTU 11/25/2017

Computer Graphics

spectral Computer
clustering Vision

eigen-analysis of
graph Laplacian,
adjacency matrices

Spectral
Graph Theory




Outline

PWS Image Coding using GFT
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[1] G. Shen et al., “Edge-adaptive Transforms for Efficient Depth Map Coding,”
IEEE Picture Coding Symposium, Nagoya, Japan, December 2010.
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PWS Image Compression

using GFT

w -128

2

H -128

-128

-128

-128

-128

e DCT are fixed basis. Can we do bettere

e |[dea: use adaptive GFT to improve sparsity [3].

1.

2.

Assign edge weight 1 to adjacent pixel pairs.
Assign edge weight 0 to sharp signal discontinuity.

Compute GFT for transform coding, tfransmit coeff.

«— GFT
o=¥X

Transmit bits (contour) to identify chosen GFT to
decoder (overhead of GFT).

Shape-adaptive wavelets
can also be done.

[2] M. Maitre et al., “Depth and depth-color Coding using Shape-adaptive Wavelets,” 16
Journal of Visual Communication and Image Representation, vol.21, July 2010, pp.513-522.



Transform Comparison

Transform Representation Transform Description
Karhunen-Loeve “Sparsest” signal representation given  Can be expensive (if poorly
Transform (KLT) available statistical model Structured)
Discrete Cosine non-sparse signal representation little (fixed transform)

Transform (DCT) across sharp boundaries

Graph Fourier minimizes the total rate of signal’s transform representation &
Transform (GFT) transform description

[1] Wei Hu, Gene Cheung, Antonio Ortega, Oscar Au, "Multiresolution Graph Fourier Transform for Compression of

17
Piecewise Smooth Images," IEEE Transactions on Image Processing, vol.24, no.1, pp.419-433, January 2015.



MR-GFT: Definition of the Search Space for
Graph Fourier Transforms

Rate of transform coefficient vector (¥ Rate of transform description T

\e

II‘lﬁi]Il Rao(x, W) + Rp(W)

» In general, weights could be any number in [0,1]

e To limit the description cost R
» Restrict weights to a small discrete set C = {1,0, ¢}

Strong Histogram of inter-pixel difference

3500

[
]

"1": strong correlation in smooth regions

"0": zero correlation in sharp boundaries Zero

"c": weak correlation in slowly-varying parts

L L [ [ L [
0 5 10 15 20 25 30 35 40 45



MR-GFT: Derivation of Optimal Edge Weights for
Weak Correlation

« Assume a 1D 1st-order autoregressive (AR) process x = [z1, ..., zx]? where,

mn, k=1 _
T = Th—_1 + €k, 1< k<N, [k _ Lk] c S «— smooth non-zero mean RV
ﬂfk—1+g+€k’ 1<]{3SN, [l{?—ljk]epq—Jump /

non-zero mean random var. @i@ . @_® oo (V)

« Assuming the only weak correlation exists between Zr—1 and g

Fx = b,

r1 = ’I? _ ) L
. 1 0 0 0 0 0 0 n
T2 — 21 = €2 1 1 0 0 0 - 0
. : kth row
= 0 0 0 0
_ 0 0 0 ' 0
IN —ITN—-1= €N
mean | 0 0 0 0o -1 1] | en ] 10
T
vector\uz[o T Tg e my] ~—F b
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MR-GFT: Derivation of Optimal
Edge Weights for Weak Correlation (cont'd)

C : tri o 0 0
ovariance ma I’I; 0 1 0 0
C=FElx—p(x—p)]
= Elxx'] — pup’ 110 o 1 0 0
_ — 1w T T\ —1 T E[bb ]: 2 2
= E[F"bb" (F')™"] — up 0 0 0 ol+m’+1 0 0 k-th row
:F—IE[bbT](FT)—l _MuT O 0 --- 0 0 1 -+ 0
«  Precision matrix (tri-diagonal) R L L : £
by 1 .
12 -1 Graph Laplacian matrix!
—1 2 /
Q _ C_1 _ —— 1 (k-1)-th row ~ E
—1 k-th row
2 —1 21 .
c=Wi_1p = - - e e
03 +1 BJTU 11/25/2017 -1 1 g § § § §




MR-GFT. Adaptive Selection of Graph Fourier
Transforms

Encoder
———————— > DCT |
Original Mode |coeff. a b
PWS Signal s Decision i
y s LP [ | K Lo _
Edge . OOKU index Entro_py _____
Detection Enoding
v !
HR Edge AEC R |
Map ;
AEC'l HR Edge Map
* I index | Entropy *i
Interpolation«— 1K i« néir_?e — Deoding
Reconstructed
< P -1| coeff
PWS Signal <index=07> <
\ -
Inverse | Y
DCT
Decoder
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Experimentation

Setup

- Test images: depth maps of Teddy and Cones, and graphics images of Dude and Tsukuba.
- Compare against: HR-DCT, HR-SGFT, SAW, MR-SGFT in H.264,

Teddy
50 : . .
Results .| i i _e—"+ " =
o AO - meeeETh
=
(v
=
& BGE g A foe b .
[ ——MR-GFT
: : : || —=— MR-UGFT
30_............;..... R R Frrmmenees 1 — SAW
: : : : HR-UGFT
|| —e—HR-DCT

%EDG 0.08 0.1 012 D14 D.16 D18
Bit per pixel (bpp)

(a)
Dude
46 T
44} -
A2
& 40K
=
% 38 E :
o 36 ~ —— MRE-GFT
i |—=—MR-UGFT
34 U —e—S5AW
a2 - _ HR-UGFT
: : ;. |—e—HR-DCT
%?DB 0.1 0.12 0.14 0.16 018

Bit per pixel (bpp)

(c)

50

Cones

E—GET 1
| | —=—MR-UGFT
i |——sAw |
: HR-UGFT
! |—e—HR-DCT

0.1

012 0.14 0.16 0.18
Bit per pixel (bpp)

(b)

Tsukuba

T ——MR-GFT ||
—a— MR-UGFT
| ——5AW 1
HR-UGFT
—e— HR-DCT

0.06

0.08 0.1 012 0.14 0.16
Bit per pixel (bpp)

(d)

HR-DCT:
HR-SGFT:
SAW:
MR-SGFT:

6.8dB
5.9dB
2.50B
1.2dB
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Subjective Results

HR-DCT

HR-SGFT

BJTU 11/25/2017

MR-GFT
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Mode Selection

BJTU 11/25/2017

red: WGFT
blue: UGFT
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left: 1

Edge Coding for PWS -«{»

Image Compression @ ®

Fig. 2. (a) An example of a contour represented by a four-connected chain

e Arithmetic Edge Coding [1,2]: (O directional code. T eI

e Coding of sequence of between-pixel edges, or
chain code with symbols {l, s, r}.

e Design a variable-length context tree (VCT) to
compute symbol probabilities for arithmetic coding.

/ MPEGA
) —1 ) &“”R“)
P(xi|xy 7)) = Plxi|w)
Teddy Laund
=0 T T T T o T T T r:r.. T
- ‘ P
£ ] i
) 5__5-:'"' . P 5_‘_,44 -
&= ) ’?g‘f/ F.{! __-":.-'. / .-f_/_,./".
3 . _r'l:-'-. = . -._."-
& £ | o
. E‘ - .l'._. g i) i
@ Fd A—nevc * = T ——HEVC
- o E:.// —a— MR-GFT J I .'I I.' | ——MR-GFT
I A —+—MR-GFT+PPM - J»a —— MR-GFT+PoM
- I3 MR-GFT=CT-LL | ot MR-GFT+CT-LL
/i —s— MR-GFT+CT-5500 —s— MR-GFT+CT-SS0D
- 4 | - - . - I I I - - .
i f i3 i4 id 18 3 3.3 i id i4 18 18 3 3.3 4
Total Bis o " Tokal Sits i

[1] I. Daribo, G. Cheung, D. Florencio, “Arbitrarily Shaped Sub-block Motion Prediction in Depth Video

Compression using Arithmetic Edge Coding," IEEE Trans on Image Processing, Nov 2014.

[2] Amin Zheng, Gene Cheung, Dinei Florencio, "Context Tree based Image Contour Coding using A 25
Geometric Prior," IEEE Transactions on Image Processing, vol.26, no.2, pp.574-589, February 2017.



Outline

Prediction Residual Coding using GGFT

BJTU 11/25/2017
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M Otlvatl O n 0 (vertical) 1 (horizontal) 2 (DC)

M|A|B|C|D|E|F|G|H]| [M|A][B|C|D|[E[F|G|H]| [M]|A]B]|C|D|E|F[G[H]
TR T |
. . 1t e T T T Mean -
* Intra-prediction e e — H @, -
RERERE ~L) -
Livivlvly L > = B
XO X1 Xz X3 X4 M i(déaggnile;dﬁrg)m\ M4;digg?a|[)d0: r;ifgtl)H\ M ASB(VE(}:rti{E)aI-rEig\h;)\GlH\
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- - M[A|B[C|D|E|F|G|H| [M[A]B[C[D|E[F|G[H]| [M[A]B]C|D|E[F[G[H
Li — X :prediction residuals SRR [Fle[H B B JFlo[H] AR [Flo[H
=~ iy / / Vi / / bl -
J -‘,_\\\ ‘x\\‘ JL/ ,.-' ,z Kr ,” J ’,,’ //,/
K “\\K “w\\ K A K| _ -7 ////
3 I S [ SR Ly ¥ ¥ ¥ L. 1~

Intra-prediction in H.264
* Discontinuities at block boundaries

- intra-prediction will not be chosen or bad prediction

[1] W. Hu et al.,, “Intra-Prediction and Generalized Graph Fourier Transform for Image Coding,” IEEE Signal 27
Processing Letters, vol.22, no.11, pp. 1913-1917, November, 2015.



Assume a 1D 1st-order autoregressive (AR) process

_ZCO + ﬂa, + ﬂb_

Optimal 1D Intra prediction

Tp = Tp—1+ ﬂ’i(un) + Gi(pn)

/

ZCO_I_ﬂa —

xO_I_/la
330‘|‘/la,+/lb

— Class k

—> Class |

.

Histogram of inter-pixel difference

¢lassOi  iclassl:  €lassO
¢lass2: class3

- 100 0 100

« Optimal prediction in terms of resulting
In a zero-mean prediction residual

« Default to conventional intra-prediction
when (i, = i, = 0, i.e.,

[0, ...,LEO]T
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Generalized Graph Fourier Transform

—1

@1

The precision matrix of the prediction residual

Ui 1) — o

—ap ap+1 —1

-1 2 -1
—1 1

Generalized Laplacian

» Defaultto the DCTif oo, = 0 and (v},

« Defaultto the ADST [1] if

Class |

T |
-] Z 1

—1 14ap —ay
—Qp

op+1 —1

18 —i
1 ¥

Combinatorial Laplacian

1

O land 07;

1

[1] J. Han et al., “Jointly Optimized Spatial Prediction and Block Transform for video and Image Coding,”
IEEE Transactions on Image Processing, vol.21, no.4, April 2012, pp.1874-1884.

Degree matrix for
boundary vertices

- 2 2
Oéa - O-QO/O-ga
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Experimental Results

 Testimages: PWS images and natural images

« Compare proposed intra-prediction (pintra) + GGFT against:

- edge-aware intra-prediction (eIntra) + DCT
- elntra + ADST
- elntra + GFT

Teddy

——plIntra+GGFT
—s—g|ntra+GFT
——e|ntra+ADST
—e—elntra+DCT

5 | i i 5 \ i i
%.05 0.1 0.15 0.2 0.25 20.05 0.1 0.15 0.2 0.25
Bit per pixel (bpp) Bit per pixel (bpp)

(a) Teddy BJTU 11/25/2017 (b) Tsukuba

——plntra+GGFT |
. —s—elntra+GFT
0 ——elntra+ADST ||

| —e—elntra+DCT




Speciral Folding & Critical Sampling

e Speciral Folding:

e (Sub)sampling a bandlimited signal at freq. f,
— freq. content replicatfion af f..

 Nyquist Sampling Theorem:

e To avoid aliasing, sample at 2x max. freq. of
bandlimited signal.

e Multirate Wavelet Filterbank:

e System of “perfect reconstruction” bandpass filters

S

Ag

xo(n)

X(n)

/;

Aq

2],

do(n)

L

analysis filter

x1(n)

2

dy(n) §

2]

2]

u1(n)

A Multirate two-channel system

BJTU 11/25/2017

synthesis filter
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Bipartite Graph Approximation
* Problem: GraphBior [1,2] (critically sampled, P
perfect reconst. wavelet) for bipartite graph only! Ho So 7

e ldea [3]: . .,

e Successively find bipartite graph approximation. Fhign

» Criteria for graph approx [1]:
min DKL(L || L )—yrank(Lm)

bipartite L @ & »
graph —7 \ sub-_matrix for 2 @ Y& WV
Laplacian KL divergence partitions T Tz Istlevel bipartition 2ndlevel bipartition
G=(V,E) B1= (LI, H1, E1) B2 = (L2, H2, E2)
e Preserve graph structure, minimize eigenvalue=1. _fiiter length (in number of hops) = 19

[1] S. Narang and A. Ortega, “Perfect reconstruction two-channel wavelet filter banks for graph
structured data,” IEEE Transactions on Signal Processing, vol. 60, no. 6,pp. 27862799, June 2012.

[2] S. Narang and A. Ortega, “Compact support biorthogonal wavelet filterbanks for arbitrary undirected 0 0.5 ! 15 2

graphs,” IEEE Transactions on Signal Processing, vol. 61, no. 19, pp. 4673-4685, Oct 2013.

[3] Jin Zeng, Gene Cheung, Antonio Ortega, "Bipartite Subgraph Decomposition for Critically Sampled Wavelet Filterbanks on 32
Arbitrary Graphs," IEEE International Conference on Acoustics, Speech and Signal Processing, Shanghai, China, March, 2016.



Outline

Image Denoising using Graph Laplacian Regularizer

BJTU 11/25/2017
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Wip 1 1
Graph Laplacian Regularizer O—0—0—®

e X'LX (graph Laplacian quadratic form) [1]) is one variation measure
— graph-signal smoo’rhness prior.

X'LX == ZWIJ(X —xf=3

S|gnal smooth in
e Signal Denoising: ~ Modal domain

/ desired signal

observation Y=X+V<—— noise

\ signal contains
mostly low graph freq.

e MAP formulation:

- 2 T
min|y — X X LX
inly —x|, +px’Lx

smoothness prior
fidelity term

[1] P. Milanfar, “A Tour of Modern Image Filtering: New Insights and Methods, Both Practical and Theoretical,” IEEE Signal 34
Processing Magazine, vol.30, no.1, pp.106-128, January 2013.



Graph Laplacian Regularizer for Denoising

1. Choose graph:

e Connect neighborhood graph.

e Assign edge weight:
W, ; = exp

pixel intensity difference

v

2. Solve obj. in closed form:

min(y — xHi + 1 X' LX
X

e |terate until convergence.

—— pixel location difference

2 2
)il | 2=
> eXpP 5
0 p
TABLE 1
PERFORMANCE COMPARISON IN PSNR (DB) AT QF = 15
Images QF =15
= JPEG TV DicTV | TGV | ANCE | Prop
Dude 37.00 | 3423 | 3758 | 37.19 | 3799 | 38.17
Teddy 3146 | 3230 | 3160 [ 3152 | 3214 | 3233
Tsukuba 3313 | 3529 | 3419 | 3368 | 3469 | 36.22
Ballet 35.63 | 3648 | 3677 36.15 | 3728 | 3149
Champagne | 36.82 | 3412 | 3746 [ 37.00 | 37.73 | 37.68
Gain 1.57 1.89 0.86 1.27 0.41 -
35

[1] W. Hu, G. Cheung, M. Kazui, "Graph-based Dequantization of Block-Compressed Piecewise Smooth Images," IEEE Signal

Processing Letters, vol.23, no.2, pp.242-246, February 2016.




Analysis of Graph Laplacian Regularizer

+ Show S.(u)=u"Lu converges to continuous functional S, NI |
analysis of S, explains how u'Lu penalizes candidates:

prior(x) =x"Lx — S,(x)= jQVXTG_lVX (,/detG)szs %
v, =[f, (i) £, (i) ... fy (D]
* Derive optimal S.(u) =u'Lu for denoising: graph is :
discriminant for small noise, robust when very noisy. ~ di=|v,-v

- .
w; = (p,05) " (d;)
Non-local self-similarity and : :
MMSE formulation Optimal regularizer SG — N
G=) Vi
=1

n=

Vi T

n

e We interpret graph Laplacian regularization as anisotropic
diffusion, show that it not only smooths but may also
sharpens the image, promote piecewise smooth images

36



Denoising Experiments (natural images)

* Subjective comparisons (o, =40)

/////”""”
BM3D 27 99 dB PLOW 28.11 dB

BJTU 11/25/2017 37



Denoising Experiments (depth images)

 Subjective comparisons (o, =30)

Original NOISy, 18 66 dB BMS3D, 33.26 dB NLGBT 33.41dB OGLR 34.32dB

[1] W. Hu et al., "Depth Map Denoising using Graph-based Transform and Group Sparsity," IEEE International Workshop on 38
Multimedia Signal Processing, Pula (Sardinia), Italy, October, 2013.



Outline

Soft Decoding of JPEG Images w/ LERaG
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Soft Decoding of JPEG Images

o Setting: JPEG compresses natural images:
1. Divide image into 8x8 blocks, DCT.

2. Perform DCT transform per block and quantize:
DCT

g, =round(Y;/Q;), Y =Ty < 8x8 pixel block

quantization parameter DCT Coefficients

3. Quantized DCT coeff enfropy coded.
e Decoder:. uncertainty in signal reconstruction:

q,Q =Y, =<(q+1)Q;,i=12,---,64.

[1] A. Zakhor, “Iterative procedures for reduction of blocking effects in transform image coding,” IEEE Transactions on Circuits and
Systems for Video Technology,, vol. 2, no. 1, pp. 91-95, Mar 1992.

[2] K. Bredies and M. Holler, “A total variation-based JPEG decompression model,” SIAM J. Img. Sci., vol. 5, no. 1, pp. 366-393, Mar. 2012.

[3] H. Chang, M. Ng, and T. Zeng, “Reducing artifacts in jpeg decompression via a learned dictionary,” IEEE Transactions on Signal
Processing,,vol. 62, no. 3, pp. 718-728, Feb 2014.
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Graph Laplacian Regularizer for Denoising

1. Choose graph:

pixel intensity difference
e Connect neighborhood graph. / — vixel location difference

e Assign edge weight: _HX . H2 _HI 1 H2
i j i 1
W, ; = exp —= |exp -
O, O,
2. Solve obj. in closed form: TARLE ]
) 5 T PERFORMANCE COMPARISON IN PSNR (DB) AT QF = 15
miny — x| + 4z x" Lx — GF=T5
X 2 = IPEG | TV | DicTV | TGV | ANCE [ Prop
Dude 37.00 | 3423 | 3758 | 37.19 | 3799 | 38.17
: Teddy 3146 | 3230 | 3160 | 3152 | 3214 | 32.33
* Iterate unti conveigeice. Tsukuba | 33.13 | 35.20 | 3410 | 33.68 | 3460 | 36.22
Ballet 35.63 | 36.48 36.77 36.15 37.28 37.49
Comments: Champagne | 3682 | 34.12 3746 37.00 | 3773 | 37.68
Gain .57 | 189 0.86 1.27 0.41 -

1. L is NOT normalized.

2.  Why works well for PWS signals?

[1] W. Hu, G. Cheung, M. Kazui, "Graph-based Dequantization of Block-Compressed Piecewise Smooth Images," IEEE Signal
Processing Letters, vol.23, no.2, pp.242-246, February 2016.
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Speciral Clustering

e Normalized Cut [1]:

min Neut(A, B):=Gut(A, B) — +\/0I;B
Gl
CUt(A’ B):_ ZWLJ VOI(A): ZDi,i

- min cut
* Problem is NP-hard, so: 1 ifieA
1. Rewrite as: min :Lf s.t. f. =+ VOI(A)
f 1 itieB
vol(B)

;
2. Relaxto: min fTLf st.f'D1=0
t f'Df

[1] J. Shi and J. Malik, “Normalized cuts and image segmentation,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 22, no. 8, pp. 888-905,
Aug. 2000.

42



Eigenvectors of Normalized graph Laplacian Zk‘,ﬁkaf

Z

min|ly — xHi +u X L X
X

* Define: Lo Lo
v=D"f v, i=D""1 candidate objective

—E—wl2=1

T ot A e
| 1st AC eigenvector) —=—wixoz
\ ¥ w12-001

Rayleigh quotient

% st.v'v, =0

* v, minimizes obj — Sol'n is 29 eigenvectorof L,. .. . . %

e If f* optimal to norm. cut, v* is PWS — well rep. PWS signals!

e Problem rewritten as:

V' =argmi
V

e f* optimal when nodes easy to cluster:

e Easy-to-cluster graph has small Fiedler number. b

 Disadvantage:
e v, not constant vector (DC) — cannot well rep. smooth patch. .



Left E-vector random walk graph Laplacian
(LERaG)

 Disadvantage:

e L, is asymmetric — no orthogonal e-vectors w/ real e-values.

e So, left Eigenvector Random Walk Graph Laplacian (LERaG) [1]:

[XT[,Z[,TX = (x'D'Y2£,)D! (EnDl/zx)}

~ = L,DY?x

projection of signal x
to D2, then L,

[XT[EETX = ')/TD_H/_}

dmax N dmin

T T
[7 T <4TD 1y < 7} [(dfniln)vTﬂ

[1] Xianming Liu, Gene Cheung, Xiaolin Wu, Debin Zhao, "Random Walk Graph Laplacian based Smoothness Prior for Soft Decoding 44
of JPEG Images," accepted to IEEE Transactions on Image Processing, October 2016.



Comparison of Graph-signal Smoothness Priors

e Different graph Laplacian matrices
e Combinatorial graph Laplacian: L =D - W
« Symmetrically normalized graph Laplacian: £, = D~Y/2LD /2
e Random walk graph Laplacian: £, = DL
« Doubly stochastic graph Laplacian [1]: £4 = I-C~Y?WC~1/2

Combinatorial Yes No Yes
Symmetrically Normalized Yes Yes No
Random Walk No Yes Yes

Doubly Stochastic [1] Yes Yes Yes



LERaG for Soft Decoding of JPEG Images

 Problem: reconstruct image given indexed quant. bin in 8x8 DCT.

provides initial solution to

compute code vector Provides an initial estimation

for graph construction

* Proceduvre;

1. Initialize per-block ,-\\

MMSE sol'n via
Laplacian prior.

2. Solve per-patch signal e
. artiracts
restoration problem w/
2 priors:

o n

Graph-signal
Smoothness Prior

Sparsity Prior

1. Sparsity prior
2. Graph-signal

smoothness prior
restore high DCT frequenues

when dictionary is small

[1] Xianming Liu, Gene Cheung, Xiaolin Wu, Debin Zhao, "Random Walk Graph Laplacian based Smoothness Prior for Soft Decoding 46
of JPEG Images," IEEE Transactions on Image Processing, vol.26, no.2, pp.509-524, February 2017.



Soft Decoding Algorithm w/ Prior Mixture

e Objective: fidelityterm sparsity prior graph-signal smoothness

/ / prior

arg min ||x — <I>a||§ + Atlleg + AexT(d i )LD 1Lx,
graph-signal, {x,a}

code vector s.t. qQ <X TMx < (q -+ I)Q
— \

quantization bin constréi'nt
e Optimization:
1. Laplacian prior provides an initial estimation;

< 2. Fix x and solve for a;
3. Fix a and solve for x.

BJTU 11/25/2017 47



Evolution of 2" Eigenvector

e 2nd Eigenvector becomes more PWS:

e 1 g !

; E 8 in : 1 : 1
(a) imitialization, LERaG ~ Tad53.02, (byiter = 1, LERaG = 6482799, () iter = 2, LERa( = 14057.09,
2 Eigenvalue — 0,001079 e Eigenvalue = 315¢-6 a2 Eigenvalue = 35e-6

e PWS means;:

1. better pixel clusters,
2. smaller Fidler number (29 eigenvalue),
3. Smaller smoothness penalty term.

BJTU 11/25/2017

(dyater = 3, LERaly = 6440, 24,
am Eigenvalue = 3e-o
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Experimental Setup

e Compared methods

BM3D: well-known denoising algorithm

KSVD: with a large enough over-complete dictionary (100x4000); our
method uses a much smaller one (100x400).

ANCE: non-local self similarity [Zhang et al. TIP14]

DicTV: Sparsity + TV [Chang et al, TSP15]
SSRQC: Low rank + Quantization constraint [Zhao et al. TCSVT14]
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PSNR / SSIM Comparison

QUALITY COMPARISON WITH RESPECT TO PSNR (IN DB) AND SSIM AT QF =40

Images JPEG BM3D [38] KSVD (8] ANCE [18] DicTV [3] SSRQC [20] Ours
PSNR | SSIM || PSNR | SSIM || PSNR | SSIM || PSNR | SSIM || PSNR | SSIM || PSNR | SSIM || PSNR | SSIM
Butterfly 2997 | 0.9244 || 31.35 | 09555 || 31.57 | 09519 || 31.38 | 0.9548 | 31.22 | 0.9503 || 32.02 | 0.9619 || 32.87 | 0.9627
Leaves 30.67 | 0.9438 || 32.55 | 0.9749 || 33.04 | 0.9735 || 32.74 | 0.9728 || 3245 | 0.9710 || 32.13 | 0.9741 || 34.42 | 0.9803
Hat 32778 | 09022 || 33.89 | 09221 || 33.62 | 09149 || 33.69 | 0.9169 || 33.20 | 0.8988 || 34.10 | 0.9237 || 34.46 | 0.9268
Boat 3342 | 09195 || 3477 | 09406 || 34.28 | 0.9301 || 34.64 | 09362 || 26.08 | 0.7550 || 33.88 | 0.9306 || 34.98 | 0.9402
Bike 28.98 | 0.9131 || 29.96 | 0.9356 || 30.19 | 09323 || 30.31 | 0.9357 || 29.75 | 09154 || 30.35 | 0.9411 || 3114 | 0.9439
House 35.07 | 0.8981 || 36.09 | 0.9013 || 36.05 | 0.9055 || 36.12 | 0.9048 || 35.17 | 0.8922 || 36.49 | 0.9072 || 36.55 | 0.9071
Flower 31.62 | 09112 || 32.81 | 09357 || 32.63 | 09271 || 32.67 | 0.9314 || 31.86 | 0.9084 || 33.02 | 0.9362 || 33.37 | 0.9371
Parrot 34.03 | 09291 || 3492 | 09397 || 3491 | 09371 || 35.02 | 0.9397 || 33.92 | 0.9227 || 35.11 | 0.9401 || 35.32 | 0.9401
Pepper512 3421 | 0.8711 || 34.94 | 0.8767 || 34.80 | 0.8784 || 34.99 | 0.8803 || 34.24 | 0.8639 || 35.05 | 0.8795 || 3519 | 0.8811
Fishboat512 || 32.76 | 0.8763 || 33.61 | 0.8868 || 33.36 | 0.8809 || 33.60 | 0.8861 || 32.53 | 0.8496 || 33.68 | 0.8859 || 33.73 | 0.8871
Lena512 35.12 | 09089 || 36.03 | 09171 || 3582 | 0.9146 || 36.04 | 0.9177 || 34.85 | 0.8986 || 36.09 | 09187 || 36.11 | 0.9191
Airplane512 || 33.36 | 0.9253 || 3438 | 09361 || 3436 | 0.9341 || 34.53 | 0.9358 || 33.75 | 0.9134 || 35.81 | 0.9355 || 36.07 | 0.9439
Bike512 2943 | 0.9069 || 30.47 | 0.9299 || 30.66 | 0.9258 || 30.71 | 0.9298 | 30.05 | 0.9043 || 32.26 | 0.9372 || 32.55 | 0.9387
Statue512 3278 | 09067 || 33.61 | 09188 || 33.55 | 0.9149 || 33.55 | 0.9193 || 32.53 | 0.8806 || 34.88 | 0.9249 || 34.95 | 0.9273
Average 3244 | 09097 || 33.52 | 09264 || 33.50 | 09229 || 33.57 | 0.9258 || 32.25 | 0.8945 || 3391 | 0.9283 || 3441 | 0.9311

BJTU 11/25/2017
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Subjective Quality Evaluation

(c) ANCE (24.34.,0.8532)

(b) KSVD (24.55,0.8549)

(a) BM3D (23.91,0.8266)

51

() Proposed (25.82.0.8861)

(¢) SSRQ(B{DY 31/8W2647

(d) DicTV (23.42,0.8176)



Subjective Quality Evaluation
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Other Comparisons

e Computation complexity:

Average 373.35 209.71 307.43 39.53 70.32 143.73
e Comparisons w/ other graph regularizers:

Images Combinatorial | Normalized | Doubly Stochastic | LERaG
Butterfly 25.42 24.70 25.15 25.57
Leaves 24.99 24.54 24.84 25.17
Hat 27.53 27.42 27.43 27.56
Boat 26.99 26.94 26.98 26.99
Bike 23.12 23.01 23.09 23.17
House 29.87 29.83 29.86 29.89
Flower 25.84 25.78 25.82 25.87
Parrot 27.97 27.95 27.97 28.02
Average 26.46 26.27 26.39 26.53
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e Graph Signal Processing
e Graph spectrum, GFT

e PWS Image Coding using GFT
e Prediction Residual Coding using GGFT

BJTU 11/25/2017



Graph-Signal Sampling / Encoding for 3D
Point Cloud

Problem: Point clouds require encoding specific 3D coordinates.

Assumption: smooth 2D manifold in 3D space.

Proposal: progressive 3D geometry rep. as series of graph-signals. MT dataset”

1. adaptively identifies new samples on the manifold surface, and

=

2. encodes them efficiently as graph-signails.

\

e ’:““i"“'

- : \(I+1;ith pample

Sample Velue VAN

; \

S~ Knot ~
I

-
-
-
—

EXCImple: i-th Kernel

Interpolate it" iteration samples (black circles) to a continuous kernel (mesh),
an approximation of the target surface §.

New sample locations, knots (squares), are located on the kernel surface.
Signed distances between knots and § are recorded as sample values.

Sample values (green circles) are encoded as a
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Graph-Signal Sampling / Encoding for 3D

Point Cloud

e Experimental Results

200

=& =0ur Scheme
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+
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[1] Mingyuan Zhao, Gene Cheung, Dinei Florencio, Xiangyang Ji, "Progressive Graph-Signal Sampling and Encoding for Static 3D
Geometry Representation,” IEEE International Conference on Image Processing, Beijing, China, September, 2017.
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Pre-Demosiac Light Field Image
Compression Using Graph Liffing Transform

* Problem: Sub-aperture images in Light field data are huge.

Raw Lenselet Demosaiced Calibrated Color Sub-aperture
Image

1 —| IMmage
””5 Coding
_ (Scaling,
Demosaicing Transition, o
Rotation) X~ 1.5
. . postpone demosiacking to decoder. graph-based

Calibrated Lenselet Sub-aperture lifting transform

- Space
Bl |G IE
G E]
Re-arranged BIICIC
in 4D space 57

=g -




Pre-Demosiac Light Field Image
Compression Using Graph Lifting Transform

e Experimental Resulis:

Dataset: EPFL light field image dataset
Baseline: All-intra HEVVC coding in YUV4:2:0 and RGB 4:4:4

Friends1 Books
60 . 60
55 | 55 |
50

r 501 ‘__,..--0 el
= =
W 45
o o
- 2
o T 407
= =
[43] 3]

40}

35
357 5’ -©-Proposed graph-based coding 30 f -©-Proposed graph-based coding
3 =¥ All-Intra HEVC coding (YUV 4:2:0) =¥ All-Intra HEVC coding (YUV 4:2:0)
20 * , -3+ All-Intra HEVC coding (RGB 4:4:4) - . =0+ All-Intra HEVC coding (RGB 4:4:4)
0 1 2 3 4 5 6 0 2 4 6 8 10
bpp bpp
[1] Y.-H. Chao, G. Cheung, A. Ortega, "Pre-Demosiac Light Field Image Compression Using Graph Lifting 58

Transform." IEEE Int’l Conf. on Image Processing, Beijing, China, September, 2017. (Best student paper award)



e Graph Signal Processing
e Graph spectrum, GFT

e PWS Image Coding using GFT
e Prediction Residual Coding using GGFT
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Summary

Graph Signal Processing (GSP)

e Spectral analysis tools to process signals on graphs.

PWS Image Compression

e Graph Fourier Transform
e Generalized GFT
e Arithmetic Edge Coding

Graph-signal Smoothness for Inverse Problems

* Image denoising w/ graph Laplacian regularizer
 New regularizer LERaG soft decoding of JPEG Images

GSP for 3D Imaging

* 3D point cloud compression, light field image compression

BJTU 11/25/2017
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Other GSP Works:
Semi-Supervised Graph Classifier Learning

* Binary Classifier: given feature vector x; of 2 Eﬁ iy
dimension K, compute f(x) € {0,1}. I SN B et
e ,.w-"""\_/'lxx_\
e Classifier Learning: given partial / noisy labels KM} . > V1N
. — : C— — )
(x., v:), train classifier f(x,). =4 O e

e GSP Approach [1]:

1. Construct similarity graph with +/- edges.
Pose MAP graph-signal restoration problem.
Perturb graph Laplacian to ensure PSD.

N

Solve num. stable MAP as sparse lin. system.

[1] Yu Mao, Gene Cheung, Chia-Wen Lin, Yusheng Ji, “Image Classifier Learning from Noisy Labels via Generalized Graph
Smoothness Priors, ” IEEE IVMSP Workshop, Bordeaux, France, July 2016. (Best student paper award)

[2] G. Cheung, W.-T. Su, Y. Mao, C.-W. Lin, "Robust Semi-Supervised Graph Classifier Learning with Negative Edge Weights," submitted
to IEEE Transactions on Signal and Information Processing over Networks, November 2016. (arXiv)

example graph-based classifier
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Other GSP Works

e Coding of spectral image [1], 3D point cloud w/ GFT.
e Coding of graph data w/ graph wavelets.

 Political leaning estimation [2]. Jgoinsdiure
Yukio HATOYAMA
fakiko TAMAKA

e Wireless signal / power estimation [3].  remowuramn

SENGOEL Yoshio

Kaom YOSANG
[1] J. Zeng, G. Cheung, Y.-H. Chao, I. Blanes, J. Serra-Sagrista, A. Ortega, "Hyperspectral Hig:;?&“;g:
Image Coding using Graph Wavelets," IEEE International Conference on Image Mhunen SLZLIKI

Processing, Beijing, China, September, 2017. Yolchi MASLZOE

Sadakazu TANIGAKI

Fusion Shaichi MARAZANS,
Center Shinzo ABE
Py T Tan 450
"\\ k“‘ah Junichire KGIZUMI
\ "
\ [ | 1 o
|'I ."\
|

| \ [2] B. Renoust et al., "Estimation of Political Leanings via Graph-Signal Restoration,"
; \ TS International Conference on Multimedia and Expo, Hong Kong, China, July, 2017

- g : .
[ — [3] M. Kaneko, G. Cheung, W.-t. Su, C.-W. Lin, "Graph-based Joint Signal / Power
Sensor Restoration for Energy Harvesting Wireless Sensor Networks," IEEE Globecom,
S, Singapore, December, 2017.




Q&A

e Email: cheung@nii.ac.jp
e Homepage: hitp://research.nii.ac.jp/~cheung/
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