L ecture-13

Model-base Video Compression

JPEG Baseline Coding

Divide image into blocks of size 8X8.

Level shift all 64 pixelsvaluesin each
block by subtracting 2™ (where 2" isthe
maximum number of gray levels).

Compute 2D DCT of ablock.

Quantize DCT coefficients using
guantization table.




JPEG Baseline Coding

» Zig-zag scan the quantized DCT
coefficientsto form 1-D sequence.

e Code 1-D sequence (AC and DC) using
JPEG Huffman variable length codes.
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Model-Based Image Coding
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3-D wireframe model

Model-Based |mage Coding

The transmitter and receiver both posses the same
3D face model and texture images.

During the session, at the transmitter the facial
motion parameters: global and local, are extracted.

At the receiver the image is synthesized using
estimated motion parameters.

The difference between synthesized and actual
Image can be transmitted as residuals.




Candide Model

Fig. 2. Wire-frame model of the face.

Face Model

» Candide model has 108 nodes, 184 polygons.

» Candideisageneric head and shoulder
model. It needs to be conformed to a
particular person’sface.

» Cyberware scan gives head model consisting
of 460,000 polygons.




Wireframe Model Fitting

 Fit orthographic projection of wireframe to
the frontal view of speaker using Affine
transformation.

— Locate three to four featuresin the image and
the projection of amodel.

— Find parameters of Affine transformation
using least squares fit.

— Apply Affineto all vertices, and scale & 4
depth.
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Synthesis

Collapseinitial wire frame onto the image to
obtain a collection of triangles.

Map observed texture in the first frame into
respective triangles.

Rotate and trandlate the initial wire frame
according to global and local motion, and
collapse onto the next frame.

Map texture within each triangle from first
frame to the next frame by interpolation.




Texture Mapping

Synthesizing Realistic Facial Expressions
from Photographs: Pighin et d
SIGGRAPH’98




3D Rigid Transformation

X® &Xu &, r, rlBXu eru

ryUr=5, 1y r B

28" 0 Télvu

/@‘FH ZH By o HZH ELH

Camera coordinates Wiréframe coordinates

x.ct—ka"f = e

Z [ perspective
K=camera no.

3D Rigid Transformation

x¢ = ka_id’(,yidf = fkﬁ
Z¢ Z¢
[SX +ISY +15Z +T
r31X. + r32Y + r332i +T
X +IEY +15Z + T
[SX +IEY +rsZ + TS

x¢ = f, =

ye =f, -2
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Model Fitting

k k

xt = f TP T

i k .k + TK

I,‘zpi Z

k k

¢ =, Py

yi - k k +Tk

rzpi Z

Model Fitting

rep, + Ty
Xiqi( = I’zkpi"'Tzk
ryp; + Ty
yi¢<:fk)|/< Kk

rzpi +TZ hk:F’Sk:fkhk

r“p +T)
qu'(: x Mi X
R EIEY
ye& = s r;pi+TYk
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Model Fitting

rxkpi+Tk
Xid(_s"1+h"rkx
Zpl
rp, + T, K K /. K 1
& = y | w =A+h"(r’.p.
yl Skl"‘hkrzkpl I ( (zp|))

W (xE +xEh" (r p;)- s‘(r.p, +Ty)) =0
W (yE +yEh (rip;)- s(ryp +T)) =0

Model Fitting

 Solve for unknowns in five steps.
s p;; R T, T,5h*
» Use linear least squaresfit.

» When solving for an unknown, assume
other parameters are known.
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L east Squares Fit

aj .X' b] :O

a (a.x-b)?

J

é_ (a,a)x= é ba,
i j

J

Update for p

a;.x- b =0
8 (ax-b)>  WOE+xh (r;p)- s (rp, +T,)) =0
: wWe(yE +y¢h“(rp,)- s“(ry.p, +T,)) =0
a(aa)x=aba
,- j

Update for s¢

Ao W (P HE) Dy WX +XN(rEp))

B W (TP +E) by =W (Y + Y (rfp)
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Xi¢+ XI¢] (rz'pi) - S(rx'pi+Tx) - O

y¢+yh(r,p;)- s(r,p;+T,) =0
ST, =x¢+x(r,p,)- s(r,p;)

8, =S,k = x®+x0(r,.p,)- s(r.p,)

S-I-y = yl¢+ yl(h(rzpl) - S(rypl)
a =s,b = ye+yh(r,p;)- s(r,.p;)

Xi¢+ XI(h (rz'pi) - S(rx'pi+Tx) = O
yi¢+ y|(h(rzp|) - S(ry'pi +Ty) - O

Solving for h

3, = XKr,p;),by =s(r,.p;+T,) - x4
e = yiqu'pi)1 b.l. = S(ry'pi +Ty)- y¢

14



Rotation Around an Arbitrary Axis
(Rodriguez’ s Formula)

Ve&=V +dngn” V+(1- cosq) n” (n" V)
V&= R(n,q)V

R(n,q) =1 +snq X(n) + (1- cosq) X *(n)

€0 -n nou
é a
X(n)=gn, 0 -ny
gn, no 04y

Rotation Around an Arbitrary Axis
(Rodriguez’' s Formula)

r
r=lrll+—=an

v

X X?
R(r,q) =1 +s'nqﬂ+(1- cosq) (rz)
el el
0 - I, Iy l;'
a
X(r)y=ar, 0 -ry
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R» I + X (m)

m=on=(m,,m,,m,)

Solving for rotation:

W (g +x8h (rp,) - s (rip +Tx)) =0

W (y¢ +y¢h"(rp,)- s“(ryp + ) =0
a

w (x¢ +x¢h(7 .q) - s(F.q +T¢)) =0

w*(y¢ +y¢h(r q) - E(F;.qi +T))) =0

x¢+x@(-mg, +mg, +0,) - s(g,- mqg, +mg, +T,)=0

y&+ y® (- mg, +mq, +q,)- s(mg, +qg, - mq, +T,)=0

Ek = (_ my’ mxil)
F);k = (11_ m,, I'ny)

F;/k = (mz’l'_ mx)
q=R'p

Rit 1 ﬁRit
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Xi¢+ )g¢] (_ myqx + rnqu +qz) - S(qx - mzqy + n‘l/qz +Tx) =0
y&+ y@(-mg, +mq, +q,)- s(mg, +q, - moq, +T,)=0

ém, u
éxtg, -xhg,-sq sqls g 6sT, - x¢ xhg, +qu
& =

e UMy =e

& < > e U
%m.4

, ‘émxl] , N

¢ U "a_¢€ u

&yha, +sq, - yha, -sqxug:yg &T, - v& yhg, +sq, 4

z

&g, -xtog +sq, s U - x¢ x¢, + 9,0
H=é ';'bo‘é q
e u e u
al_‘? @Q‘? u
&t - x, -yhg, s 00 &T - ye v+ g !

a (aa)x=3 ba,
j j

Show the results
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Video Phones

Motion Estimation

Perspective Projection

Image Plane
f Lens
image z
Syt
Y Z
oYX
z z

World
point
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Perspective Projection (arbitrary flow)

_ X . fZX - fXZ X Z
X = — U:X:—sz—'x—
z Z z "z
y = Y yoyo Y- _ ¥ 7
z Z? z 7’7

X =W" X +V
X =W,Z - W,Y +V,

Y =W, X - W,Z +V,
V V, A
z

Z=WY-W,X+V, y= f(?1+W2)- = x- W,y - WTxy+%x2

Wo xy- M2
Xy =y

V. V.
V=S W) Wex- —ty+

Perspective Projection (optical flow)

V V W, W,
u=f(Z+W,)- 2x- Wyy- —Lxy+—2x°
(Z ) - 3y : Xy :

V. V. W. W,
= f(=2- WY+W.X- 3 v+—2xy- —L\?
V=T - W) HWex- 2y +=Sxy- =y
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Horn& Schunck Optical Flow

f(x,y,t) = f(x+dx y+dy,t +dt)
{} Taylor Series

f(xy,t) =f(xy,t) +:wadx+j;

fdx+ f,dy+ fdt =0

brightness constancy &

Ki
dy+gdt

Optical Flow Constraint Eq

fu+tfv+f =0
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f(f(—1+W) x Wy-WTxy+WTx)+f

W W
F2 Wy +wix- ey e o WLy 2
((Z 1)3nyxyfy)t

f f f
(LM + (1, 2V, + (S (- T y)Va+

2 2

(A 2 ML (4 £, 2 £ 2O, +

(fxy+ fyX)W3 =- ft

f f f
(fx_)vl+(fy_)v2 +(_(fxx- fyy)v3+
2 2

(- f, +fyT-ff)W+(ff+fT+f Yyw, +

(fxy+ fyX)WB =- t

AX — b Solve by Least Squares

X =V}, V,, V3, W, W, W)




AXx =D

&v; 0
é e, 0 L
: g &
¢ f f f : Xy y? x2 Xy @/33=é 4
Z(fxi) (f,2) GUEX LY Chmrf 2 (1) (Rf+ e £ (fy+ £, aMG efu
: : wana g g
é ! iy ]
LAY

Li etal, IEEE PAMI, June 1993
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Estimation Using Flexible
Wireframe Model

Digital Video Processing,
M. Tekalp, Prentice Hall, 1995.

Main Points

* Model photometric effects

» Simultaneously compute 3D motion and
adapt the wireframe model.
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Generalized Optical Flow
Constraint

f(X,y,t) =rN(t).L
df (x, y,t) _ L dN Albedo
Surface Normal

dt dt
(-p,-q,1)

fu+fv+f —rLd—I\I

dt

L ambertian Model

S=L, light
source

f(xy)=nL=(n,n,n).0,l,.l,)
1

f =nL= - (1,1

(X,y) nL ( /_p2+q2 +1( p’ q’l))(lx’ y! z)
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Vase

(9

(-1,-1,1)

(1.0.1) (1,1,2)

Horn& Schunck Optical Flow

f(x,y,t) = f(x+dx, y+dy,t +dt)
' Taylor Series

f(x,y,t) =f(xy,t) +%(dx+%dy+%dt

fdx+ f,dy+ fdt =0

brightness constancy &
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Orthographic Projection

U=x=W,Z- Woy+V, (yv)isoptica flow
V: y=W3X' le +V2

X=W X+V

X =W,Z - W,Y +V,
Y =W, X - WZ+V,
Z=WY - W,X +V,

Optical flow equation

FLWZ- Wy V) + (M- WZ+v,) + f, = rL S

F (WL Z- Woy+Vy) + £, (Wox- WZ +V,) + f, =

é (. T h.anT U
rL.é( p¢ qdl) (- p- 9 0

8/p€ +af+1 o7+’ +1§

Equation 24.8, page 473.
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Error Function

o o 2
E=a ase
i (x,y)eithpatch ) ) B B
px” +gx" +¢ = pjx’i”) +qj)<(2”) Y
constraint
eI(X’ y) = fx(Wsy' WZ(pIX+q1y+C|)+V1)
+ 1, Wax+W (px+qy+c) +V,) + f,
(_ - W2+ P - W1+qi
1+W2pi 1- Vvlqi

)

(L LT :
-W,+p 2 - W Q2 12
(( 1+W2 P ) +(1' VV:Lqi ) +1)
(' P qiil)
(pi2+qi2 +1)V2

Equation of a Planar Patch

Pl(i) — (Xl(i)’Yl(i)’Zl(i))
Pz(i) — (Xéi),Yz(i),Zz(i))
|33(i) — (xéi)’ys(i)’zéi))

PO = (XM Yy, 70)

P(i)Pl(i).(Pz(i) Pl(i) g F)3(i)Pl(i)) -0
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Equation of aPlanar Patch
Z(i) =p X(i) +qiy(i) +

o = (- YONZD - 21)- (2 - ZO)(%" - ¥0)

O XY 067 - (XS - X))

_ (@ 20X - X (X - X))@ - 20)
T XD D) (Y X)
(67 - )23 - 20)- (2 - Z0) (%" - Y0)
(Xg) _ Xl(i))(Y?)(i) i Yl(i))_ (Yz(‘) _ Yl(i))(xéi) _ Xl(i))
0 28 - ZP)XP - X0 - (XP - XY - Z])
L X070 - 067 - YO XS - X)

¢ =20+ X

Structure of Wireframe Model

Each triangular patch is either surrounded
by two (if it ison the boundary of the
wireframe) or three other triangles.
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Neighboring patches must intersect at a
straight line.

70 = p.X(‘) +qu(i) +c,

Xij ij ) ) ) )
( ’ y ) piX(u) +qi y(u) + C = ij(lJ) + qjy(u) +Cj

(p"q“c')&(pj’qj’cj)

Main Points of Algorithm
 Stochastic relaxation.

* Ineach iteration visit all patchesina
sequential order.

— If, at present iteration none of neighboring
patchesof i have been visited yet, thenp;, g,
¢ are all independently perturbed.

— If, only one of the neighbor, |, has been
visited, then two parameters, say p;, g;, are
independent and perturbed. The dependent
variable ¢ is calculated from the equation:

C = pjx(ij) +qjy(ij) +Cj _ piX(ij) _ qiy(ij)
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Main Points of Algorithm

— If two of the neighboring patches, say j and k,
have already been visited, i.e., the variables p,,
Ok Cand py, G, G have been updated, then only
onevariable p. isindependent, and is perturbed.
Q;, G can be evaluated as
— (ij) (ij) (i) (ij)
C = ij +qjy +Cj - pPpxXT-qYy
m%m+%¢m+%_9%m_q
g = (iK)
y

Main Points of Algorithm

» The perturbation of structure parameters
(surface normal) for each patch, resultsin
the change of coordinates (X,Y,Z) of the
nodes of wireframe.
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Updating of (X,Y,2):

Patchesi, j, kintersect at node n.

PX+qY" +c =p X7 +q Y +c,
pX®+qY®™ +¢ =pXT +qY" +c,

éx(n)u , -1 N
eXPu_ep-p; g-qu ec-gu
é,mU=@e u é U
éY(n)u éh- B 4-%u e G+G&a

70 = p.X(‘) +qu(i) +c,

Algorithm

Estimate light source direction

Initialize coordinates of al nodesusing
approximately scaled wireframe model.
Determine initial values of surface normals for
each triangle.

Determine initial motion parameters based on
selected feature correspondences and their depth
values from wireframe model.

(A) Compute the value of error function E.

32



* If error E isless than some threshold, then stop

e Else

— Perturb motion parameters (3 rotations and 2
trandations) by random amount (zero mean Gaussian,
s.d. equal to error E)

— Perturb structure parameters (p,q;,c):

* Perturb p, g, and c of first patch by adding random amount
(zero mean Gaussian, s.d. equal to error E)

* Increment count for all neighbors of patch-1 by 1

Uniform Distribution

¥ = _(a+b)
1 X=mean=—~+
f(X)——(b_ 2 2

)2

2 _ - _(a'b
S =varnance=———
12

a b Userand() inC
to generate random
number between a range.
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e For paich2ton
— If the count==1
» Perturbpand q
» Compute c using equation for ¢;
» Increment the count

Ci = pjx('l) + qJ y('l) +Cj - pl X('l) - qi y('l)

— If count==2
» Perturb p;

» Compute ¢; and g using ezq)uations(__) i i
—_ I I 1 I
¢ = px"+qy” +c; - px¥- gy

ik ik ik
q = px"™ +ay™ +c - px™ - ¢
i (ik)
» Increment the count y
— If p, g and c for at |east three patches intersecting at node are
updated, then update the coordinates of the node using eguation.

~\

eX™U_6p- P, P~ PUEC-G U
n U™ €4 _ -q V€ u
0 &9 9-44&5*Ga
Z(') — plx(l) +qu(') +Ci
Goto step (A)
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Program

Candide Wireframe model is given

Thirteen features on the face image, and
corresponding nodes in the wireframe model are
given

Estimate pose: rotation, scaling, and trandlation of
wireframe model so that it fits with the image

Estimate frame to frame 3-D motion, distortion of
wireframe model nodes.

Use the estimated 3-D motion, and distortion of
nodes to synthesize video sequence
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