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Agenda

 Body models based on triangle deformations (SCAPE, BlendSCAPE) —
very briefly

* Training a Body Model from registrations
* How to obtain registrations (Fitting SMPL)

e Jointly solve for registration and model training



Two deformation models

* Local triangle deformations

e 3x3 transformations

* Applied to vertex differences
(edges)

e -> BlendSCAPE

* Global vertex deformations
e 4x4 transformations

* Applied to vertices
*->SMPL
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Modelling with local triangle deformations:
SCAPE and BlendSCAPE
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Modeling deformations
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SCAPE. Angelov et al. 2005
BlendSCAPE, Hirshberg 2012




SCAPE and BlendSCAPE
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SMPL

Additive Model

K
£ =) wiiGi(0,J(B))(E:

_|_

bs,i(3)

—

k %i%t locations

Vertices

BlendSCAPE

Multiplicative Model

—

B(0)

S(B)Q(0)e

Edges

21



Two deformation models

* Local triangle deformations | * Global vertex deformations

e 3x3 transformations e 4x4 transformations

* Applied to vertex differences | * Applied to vertices
(edges) * -> SMPL

e -> BlendSCAPE




SMPL vs SCAPE
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How do we train a body model ?
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Training

—a,rgmmZmlﬁn | M ( jﬂ637 ®) —
y J M7

Parameters to be learned

\'Z1lk
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Training
D — argm(%nz

J

Parameters to be learned

Model

min ||M(8;,45:8) - V|

28



Training

¢ — a,rgmmz min IM(6;,B;; ®) —
’ aIBJ

Parameters to be learned

Model

Set of registrations

V|
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Training

d = argmmz min || M ( 3,,33,@) V3H2
j 0,05,

Parameters to be learned
Model
Set of registrations

Shape parameters of registration |
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Training

B=crgmin ) min | M005,8558) - VI
J~3

Parameters to be learned

Model

Set of registrations
Shape parameters of registration |

Pose parameters of registration j
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Training

—a,rgmmZmlﬁn | M ( 37/637 ®) —
y J M7

Set of registrations

V|
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pose +
shape

V, = arg 11‘1,ip(d(8j, 12)
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Refresher on ICP

1. Initialize 0 — R:It:ZYi—ZXi =1
fo={R=TLt==2 =2 s—1)
2. Compute correspondences according to current best transform
x]" = argmin || 7 (x) — |’
XE

3. Compute optimal transformation (s, R, t )with Procrustes
. . e
firt = argmj}nz 1FGIT) — vl
i

4. Terminate if converged (error below a threshold), otherwise iterate



Refresher on ICP

°f(-)need not just be a rigid transformation (8, R, t) ,

°f(')can be any deformation model for the vertices V.



What should f() be?

«f(+) should it be all the degrees of freedom in V?

-

«f(-) should it be the SMPL function, parameterised by(677 B)?



* Optimizing vertices directly is unstable
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Scan Registration
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E0,8) = dist(s;, M(,8)) + Eprior (6, 5)

s;ES

* Optimizing just the model does not capture
detail.

 We do not learn anything new from the
scan
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Objective

V; =arg min(min (E,eg (S5, V5,65, ;)
i 05,85

E?‘eg(sjvvjaejaﬁj) —



Objective

V,; =arg min(min (Ereq (S, V;,0;, 1))

Ereg(sjv Vja 9]" 53) :ES(Sj’ VJ)—I_

scan-to-mesh distance
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Objective

V; =arg min(min (Ereg (S5, Vj, 0;,5;))
i 05,85

E'reg (Sja Vja 9ja 53) =Eg (Sja Vj)+ scan-to-mesh distance
AcEC(VjagjaBj)'l‘ coupling
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Objective

V,; =arg min(min (Ereq (S, V;,0;, 5))

Ereg(sjv Vja 9]" BJ) :ES(Sj’ VJ)—I_

scan-to-mesh distance

AcEc (Vja 0;, Bj)'l‘ coupling

—

Mo Eg(0;)+

pose prior
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Objective

V,; =arg min(min (Ereq (S, V;,0;, 5))

E'reg(Sjv Vja Hj? BJ) :ES(Sj’ VJ)—I_

scan-to-mesh distance

AcEc(Vj,0;,85)+ coupling

—

Mo Eg(0;)+
\sEs(5;)

pose prior

shape prior
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Objective

V; =arg min(min (Ereg(Sj, V5,65, ;)
i 05,85

E'reg(Sja Vj7 9—;', Bj?) :ES(8j7Vj)+

scan-to-mesh distance

Ac C(Vja 05, 53')"‘ coupling
Ag 6(9j)+ pose prior
AB ﬁ(ﬂj) shape prior

relative weights
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Scan-to-mesh distance

ES(Sjavj) — Z p(
SESj

$2

min ||s — v|
VEVJ'

)= 5 3

)
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Scan-to-mesh distance

ES(Sjavj) — Z p(
SESj

$2

min ||s — v||
VEVj

)= 5 3

)
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Scan-to-mesh distance

Es(S;,Vj)= ) p(

SESj
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)= 5 3
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Scan-to-mesh distance

Es(S;,Vj)= ) p(

SESj

$2

min ||s — v||
veY;

)= 5 3

)
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Scan-to-mesh distance

Bs(5;,V5) = Y- o uin 5=l

v.
SESJ' U= .
(2) x° @),
T =

|||||




Scan-to-mesh distance

ES(Sjavj) — Z p(
SESj

$2

min [|s — v|
veay;

)= 5 3

)
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A much better objective: Point-to-surface
distance
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Closest points: avoid local minima
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Point-to-point distance
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Closest points: avoid local minima

Point-to-surface distance



Coupling

Ec(Vy,0;,8;) = dist(V,, M(0;, 8;))



Coupling

EC(Vij}a/gj) —

{HVj — M(H_;, ﬂ;)”%, if coupling on vertices
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Coupling

EC’(VJWH_J"ij) — {

|V; — M(6;,5;)||%, if coupling on vertices
|AV; — AM(6;,5;)||%, if coupling on edges

61



° sz
Priors
Y2 b4
 Priors are based on Mahalanobis distance M&
e Assumes a Gaussian Distribution
>

E¢(0;) = (0; — 6)S5 (0 — jg)T



pose +
shape

Ag >> 1
Stage 1 Mg >>1
)\C — inf

}\9%1
Stage 2 Mg =1
Ao >> 1

}\9%0
Stage 3 Ag =0
)\0N1



Given Registrations | can train a Model

{Vi} {M(6;,5;;®)}
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Given a Model | can obtain
registrations

{Vi} {M(6;,579); @)}
COREGISTRATION

DEYE!
shape
{S;}



But, how can | solve both problems
at once?

{M(G S &
COREGISTRATION

DEYE!
shape
{S;}



Joint registration and model
learning

The key idea is to minimize the registration objective (loss function)

Ereq(S5, V5,05, ;) =Es(S;, V;)+
A\cEc(V;, 05, 85)+
Mo FEg(0;)+
AsEs(8;)

|

.
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pose + <:>
shape
{8} {M(9;,579); @)}
COREGISTRATION

The key idea is to minimize the registration objective across the dataset of scans

({S} {VJ} {9 } ES(SJ7V )
/ )‘CEC(Vja ;7(1))
Sums over dataset scans! Ao Eg 9;))4_
)“I’E‘I’(q)) model regularisation

Hirshberg et al., Coregistration: Simultaneous alignment
and modeling of articulated 3D shape, ECCV’12 68



{M(6;,579; @)}
COREGISTRATION

{Si}

o = a,rgmm( ({S;}, {1V}, {6’3,5} ®)) with {V;} fixed

<{Vj} — arg gl/l%( ({85}, {V;1, {@,Ej}, ®)) with & fixed )

Hirshberg et al., Coregistration: Simultaneous alignment
and modeling of articulated 3D shape, ECCV’12 69



Summary

* SCAPE based models are based on triangle deformations and stitching
triangles
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Summary

* SCAPE based models are based on triangle deformations and stitching
triangles

* Training a model requires solving for model hyper-parameters and
shape and pose for each registration

* Obtaining registrations requires a model. Obtaining a model requires
registrations.

* This chicken and egg problem can be addressed with co-registration
(similar to EM)



Slide Credits and resources

* Slides adapted from Learning Human Shapes in Motion. Siggraph
tutorial 2016. Special thanks to Javier Romero



