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What are we trying to do?

One High Resolution Image One Low Resolution Depth Map

\

/

High Resolution Depth Map
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T
Why High Res Image and Low Res Depth Map?

RGB-D Sensors

/ \

High Resolution Image Low Resolution Depth Map
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RGB-D Sensors

https://azure.microsoft.com/en-us/services/kinect-dk/#industries
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https://azure.microsoft.com/en-us/services/kinect-dk/

RGB-D Sensors

 Low Cost

Consumer Hardware (e.g. Xbox Kinect)

Mobile

Small

Lightweight
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Multiple Images

Multiple View Super-Resolution Depth Multiple Lighting Super-Resolution
Map Depth Map
[Goldluecke, 2018] [Lu, 2013]
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Single RGB-D Images

[Han, 2013]
 Input: single RGB-D image
« Constant albedo
=> Computation time: ~ 20 min
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Single RGB-D Images

[Han, 2013]
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Fundamentals: lll-Posedness in 3D
Reconstruction (Single-Shot)
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How do physical objects look which produce an
image”?

[Adelson, 1996]
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TUT

How do physical objects look which produce an
image”?

* |lI-Posed Problem

 Humans address this problem with priors
» Depends on the individual Background (e.g. Painter, Sculptor)

e RGB-D sensors
» Provide an initial guess

» Different Approaches
» Shape from Shading
> Single Depth Super-Resolution
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llI-Posedness in Shape from Shading
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llI-Posedness in Shape from Shading

I =R(z|l,p) +nr

I : I'mage
R(z|l, p) : Scene
z : Depth Map
[ : Lighting
p: Surface Reflectance
nr : Noise
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llI-Posedness in Shape from Shading

I =R(z|l,p)+ n;
Solution provides only magnitude of depth gradient and not direction

I : I'mage
R(z|l, p) : Scene
z : Depth Map
[ : Lighting
p: Surface Reflectance

nr : Noise
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llI-Posedness in Shape from Shading

Solution provides only magnitude of depth gradient and not direction
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TUT

lll-posedness in Single Depth Image Super-
Resolution
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TUT

lll-posedness in Single Depth Image Super-
Resolution

20 =Kz+n,

zo : Depth Map (low res)

z : Depth Map (high res)

K : Warping, Blurring, Downsampling
1, : Noise
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lll-posedness in Single Depth Image Super-
Resolution

20 = Kz +1n,

-

20 : Depth Map (low res)
z : Depth Map (high res)

K : Warping, Blurring, Downsampling
1, : Noise
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lll-posedness in Single Depth Image Super-

Resolution

Paul Rotzer | 06. Oktober 2020

20 = Kz +1n,

B'-—l

K not square » K not invertible

zo : Depth Map (low res)

z : Depth Map (high res)

K : Warping, Blurring, Downsampling
1, : Noise

TUT
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Fight lll-Posedness with llI-Posedness:
Derivation of the Variational Approach



Derivation of the Variational Approach
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11a.x P(Za P> ”ZOv I)

Z,p,l

N
o

~ O W ~

: Depth Map (low res)
: Image

: Depth Map (high res)
: Sur face Reflectance

: Lighting
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Derivation of the Variational Approach

P(Zo, [‘Za P Z)P(Z, P l)
P(ZO,I)

OCZD(Z07I|27/07 ) (Z Ps )

7 \\ J

P(Za P; 1‘207 I) —

likelifood prlor

20 : Depth Map (low res)

: Image

I

z : Depth Map (high res)
p : Surface Reflectance
[

: Lighting
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Derivation of the Variational Approach

ma}; 7)(27/07”’207]) — _mHll lOg (P(Z,IO,”Z(),[))
240, ZyP

: Depth Map (low res)
: Image
: Depth Map (high res)

: Sur face Reflectance

N
o

~ O W ~

: Lighting
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TUm
Derivation of the Variational Approach

I o
Popillzo. ) = P (20, I;,(g;l);)’(zm,l) max P(z, p, 1)z, 1) min log (P(z, p, 1|20, 1))

X 7D(zO> IlZ, P Z)P(Z, P l)

20 : Depth Map (low res)
: Image
: Depth Map (high res)

: Sur face Reflectance

~ T W ~

: Lighting
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TUT

Derivation of the Variational Approach

PZ,IZ, JPZ’ 71 73 77l 7I:_ in 1 P 77lZ;I
Pleplao ) = R TS may Pleso lo. ) = i o8 (Pl 10 D)

x P(z0,I|z, p,1)P(z, p,1)
ma}l{ P('Z? Ps l’ZOa I) — —mn} 1Og (P(Z()a [‘Za Ps l)) + log (P(Zv Ps l))
Z,0, Z5P,

N
o

: Depth Map (low res)
: Image
: Depth Map (high res)

: Sur face Reflectance

~ T W ~

: Lighting
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Derivation of the Variational Approach

Assumptions

Paul Rotzer | 06. Oktober 2020

N
o

~ O W ~

: Depth Map (low res)
: Image

: Depth Map (high res)
: Sur face Reflectance

: Lighting

28



Derivation of the Variational Approach

Assumptions

 RBG-D Sensors: Image and Depth measurement are independent (by construction)

P(z0, 1|z, p,1) = P(z0|2)P(1|z,p,1)

> Depth is independent from reflectance and lighting

20 : Depth Map (low res)
: Image
: Depth Map (high res)

: Sur face Reflectance

~ O W ~

: Lighting
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Derivation of the Variational Approach

Assumptions
 RBG-D Sensors: Image and Depth measurement are independent (by construction)

P(z0, 1|z, p,1) = P(z0|2)P(1|z,p,1)

> Depth is independent from reflectance and lighting

» Independence of Depth, Reflectance and Lighting
P(z,p,1) =P(2)P(p)P()

» Lambertian Surfaces 2 : Depth Map (low res)

> Distant-Light I : I'mage
z : Depth Map (high res)
p: Surface Reflectance
[ : Lighting
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Derivation of the Variational Approach

Assumptions
7D('ZOa I|Za P, l) — 7D('ZO|Z)7D(I|Z7 P, l)

20 : Depth Map (low res)
I : I'mage

z : Depth Map (high res)
p : Surface Reflectance
[ : Lighting
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Derivation of the Variational Approach

Assumptions

7D('ZOa I|Z7 P, l) — 7D('ZO|Z)7D(I|Z7 P, l)

/

Homoskedastic, zero-
mean Gaussian noise

N
o

: Depth Map (low res)
: Image
: Depth Map (high res)

: Sur face Reflectance

~ O W ~

: Lighting
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Derivation of the Variational Approach

Assumptions

P('ZOa I|Z7 Ps l) — 7D('ZO|Z)7D

Homoskedastic, zero-
mean Gaussian noise

20 : Depth Map (low res)
: Image
: Depth Map (high res)

: Sur face Reflectance

~ O W ~

: Lighting
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Iz, p,1)

Achromatic lighting, first-
order spherical harmonics,
homoskedastic, zero-mean
Gaussian noise
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Derivation of the Variational Approach

Assumptions

Paul Rotzer | 06. Oktober 2020

P(z,p,1) = P(2)P(p)P()

20 -
I:

z:
p:
l:

Depth Map (low res)
Image

Depth Map (high res)
Sur face Reflectance

Lighting
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Derivation of the Variational Approach

Assumptions
P(z,p,1) =P(2)P(p)P()

/

Minimal surface
* Robustness

20 : Depth Map (low res)
I : I'mage

z : Depth Map (high res)
p : Surface Reflectance
[ : Lighting
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Derivation of the Variational Approach

Assumptions

Minimal surface
Robustness

Piecewise constant
Reflactance
must fit this prior

N
o

: Depth Map (low res)
: Image
: Depth Map (high res)

: Sur face Reflectance

~ O W ~

: Lighting
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Derivation of the Variational Approach

Assumptions
P(z,p,1) = P(z)P(p)P(l

\

constant

Minimal surface
Robustness

Piecewise constant
Reflectance
must fit this prior

N
o

: Depth Map (low res)
: Image
: Depth Map (high res)

: Sur face Reflectance

~ T W ~

: Lighting
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Derivation of the Variational Approach

P(Zo,I|Z,,0,l) — (Z0|

Paul Rotzer | 06. Oktober 2020

P(I|z,p,1)

\

constant

(2. 0:) = PIP(IPAL.

20 : Depth Map (low res)

: Image
: Depth Map (high res)
: Sur face Reflectance

: Lighting
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Derivation of the Variational Approach

constant

P(ZO,I|Z,,0,Z> — (Z0| IlZ /07 Z p, = P(Z)P(p%
maXx P(Z7 P Z‘ZOa

~ ./

— En;rll log (P(I|z,p,1)) + log (P(20]2)) + log (P(2)) + log (P(p))

20 : Depth Map (low res)

I : I'mage

z : Depth Map (high res)
p : Surface Reflectance

l

: Lighting
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Derivation of the Variational Approach

P(z()v ]‘Z, P, l) —

Paul Rotzer | 06. Oktober 2020

single depth super-resolution

20 -
I:

z:
p:
l:

P(20|2)

Depth Map (low res)
Image

Depth Map (high res)
Sur face Reflectance

Lighting

Pz, p,1)

shape from shading
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Derivation of the Variational Approach

single depth super-resolution

P(Z(%I‘z?p)l) — P(ZO‘Z) ZD(I‘Z7IO7 lz

shape from shading

max Pz, p,l|z0, 1) =
Z5P

single depth super-resolution
N\

— gl;fll }og (P(I|z, p,1)) + lrog (P(zo\z)y +1log (P(z)) + log (P(p))

7

~
shape from shading

20 : Depth Map (low res)
I : I'mage

z : Depth Map (high res)
p: Surface Reflectance
[ : Lighting
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Fighting lll-Posedness with llI-Posedness:
Numerical Solution of the Variational Approach
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Numerical Solution of the Variational Approach

Alternating Direction Method of Multipliers (ADMM)

[Boyd, 2010]
Paul Rotzer | 06. Oktober 2020 43



TUT

Numerical Solution of the Variational Approach

Alternating Direction Method of Multipliers (ADMM)
Problem min f(:l?) —I—Q(Z)

s.t.x =2

[Boyd, 2010]
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TUT

Numerical Solution of the Variational Approach

Alternating Direction Method of Multipliers (ADMM)
Problem min f(:l?) —I—Q(Z)

s.t.x ==z
Lagrangian

Lo(w,2,y) = f(@) + g(x) + u" (Az — 2) + £ ]| Az — 2|

[Boyd, 2010]
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TUT

Numerical Solution of the Variational Approach

Alternating Direction Method of Multipliers (ADMM)
Problem min f(:l?) —I—Q(Z)

s.t.x ==z
Lagrangian

Lo(w,2,y) = f(@) + g(x) + u" (Az — 2) + £ ]| Az — 2|

lterations
" = argmin £, (z, 2%, ")
xT
2= argmin £, (2" 11 2, 4%)
z
R S S

[Boyd, 2010]
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Numerical Solution of the Variational Approach

max Pz, p,l|z0, 1) =
ZyP

TUT

— min log (P(I|z,p,1)) + log (P(z0]2)) + log (P(z)) + log (P(p))

z,p,l

20 : Depth Map (low res)
I : I'mage

z : Depth Map (high res)
p : Surface Reflectance
[ : Lighting
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Numerical Solution of the Variational Approach

max P(vaa ”207[) —

z,p,l
—min log (P(I]z, p, 1)) +log (P(z02)) + log (P(2)) +log (P(p))
= (=Y zpl) =—pg(z)  =—vh(s,V2)  =—Ap(p)

zo : Depth Map (low res)
I : I'mage
z : Depth Map (high res)
Vz : Gradient of Depth Map
p : Surface Reflectance
l: Lighting
w, v, N Weights
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Numerical Solution of the Variational Approach

max P(z, p,l|zo, 1) =
2%

min f (2, V2, p,1) +pg (2) +vh(z,Vz) +Ap (p)
Z7p7

z : Depth Map (high res)
Vz : Gradient of Depth Map
p: Surface Reflectance
l: Lighting
W, v, A Weights
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TUT

Numerical Solution of the Variational Approach

max P(z, p,l|zo, 1) =
2%

min f (2, V2, p,1) +pg (2) +vh(z,Vz) +Ap (p)
Z7p7

Introducing

0:=(z,Vz)

z : Depth Map (high res)
Vz : Gradient of Depth Map
p: Surface Reflectance
l: Lighting
W, v, A Weights
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TUT

Numerical Solution of the Variational Approach

max P(z, p,l|zo, 1) =
2%

min f (2, V2, p,1) +pg (2) +vh(z,Vz) +Ap (p)
Z7p7

Introducing
0:=(z,Vz)

To obtain

min f(@,p, l) + ,ug(z) + I/h(é’) + )\p(p)

z,p,l,0

s.t. 0 = (z,Vz)

z : Depth Map (high res)
Vz : Gradient of Depth Map
p: Surface Reflectance
l: Lighting
W, v, A Weights
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TUT

Numerical Solution of the Variational Approach

min f(6’,,0, l) + ,ug(z) + Vh(@) + )\p(p)

Z,,O,l,@

s.t. 0 = (z,Vz)

z : Depth Map (high res)
Vz: Gradient of Depth Map
p : Surface Reflectance
[ : Lighting
w, v, A : Weights
u : Langrange Multiplier
K : Step Size
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TUT

Numerical Solution of the Variational Approach

min f(6’,,0, l) + ,ug(z) + Vh(@) + )\p(p)

Z,,O,l,@

s.t. 0 = (z,Vz)

Li(z,p,1,0,u) = f(@,p, l) +,ug(z) + uh(@) + )\p(p)
+u" (0= (2, V2) + 5116 = (2, V2)II

z : Depth Map (high res)
Vz: Gradient of Depth Map
p : Surface Reflectance
[ : Lighting
w, v, A : Weights
u : Langrange Multiplier
K : Step Size
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Numerical Solution of the Variational Approach
Lyi(z,p,1,0,u) = f(0,p.1) + ng(z) +vh(0) + Ap(p)
+u" (60— (2,V2) + 516 - (. V2)3

P4 — axgmin £(9%9, p,10) + Ap(p)
P

[(F+1) — argmin f<9(k),p(k+1),l)
l

O = argmin f(0, p* 1 1*FDY Ly (6) + gH@ — (W) w2 R )2
0

S(k+1) _ argmin ,ug(z) + gug(kﬂ) — (2,V2) + u(’“)Hé

kD) = o (0)  glet1) _ (5 (k+1) 7, (k+1))

z : Depth Map (high res)
Vz: Gradient of Depth Map
p : Surface Reflectance
[ : Lighting
w, v, A : Weights
u : Langrange Multiplier
K : Step Size
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Numerical Solution of the Variational Approach
Z{I;,izrb f(@,p, l) + ,ug(z) + Vh(@) + )\p(p)

s.t. 0 = (2,Vz)

P4 — axgmin £(9%9, p,10) + Ap(p)
P

[(F+1) — argmin f<9(k),p(k+1),l)
l

O = argmin f(0, p* 1 1*FDY Ly (6) + gH@ — (W) w2 R )2
0

S(k+1) _ argmin ,ug(z) + gug(kﬂ) — (2,V2) + u(’“)Hé

kD) = o (0)  glet1) _ (5 (k+1) 7, (k+1))

z : Depth Map (high res)
Vz: Gradient of Depth Map
p : Surface Reflectance
[ : Lighting
w, v, A : Weights
u : Langrange Multiplier
K : Step Size
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Convergence

szlilne f(é’, 0, l) + ,ug(z) + Vh(ﬁ) -+ )\p(p)

s.t. 0 = (z,Vz)
* Non-convex optimization problem
* No convergence can be imposed

* In “Fight lll-Posedness with lll-Posedness”:
Always Convergence after 10-20 iterations

« Computation time: ~ 2 minutes

Paul Rotzer | 06. Oktober 2020
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Numerical Examples



Real World Examples
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Real World Examples
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Real World Examples: Saturated Colors

Paul Rotzer | 06. Oktober 2020

60



Real World Examples: Black Areas
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Real World Examples:
Not Piecewise Constant Reflectance
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Conclusion



Conclusion

* lll-posedness in shape from shading and single depth map super-
resolution

 Variational model to construct high resolution depth map from a single
RGB-D image

« Corresponding numerical solution

* Numerical examples with this approach were discussed

» Relatively Fast Approach

* Requires little data (one image + one low resolution depth map)

« Extension: non-piecewise constant reflectance assumption

« Extension: Application to single-class problems (e.g. reconstructing
faces)
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Homoscedasticity

In statistics, a sequence (or a vector) of random
variables is homoscedastic / houmouska daestik/ if all its random variables have the same

finite variance. This is also known as homogeneity of variance.

https://en.wikipedia.org/wiki/Homoscedasticity
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Azure Kinect Resolution Modes and Framerate

https://docs.microsoft.com/de-de/azure/kinect-dk/hardware-specification
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