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Combining	  local	  and	  global	  models

David Hockney, Sun On The Pool 1982, composite polaroid, 24 3/4 x 36 1/4 in
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Theme	  3:	  Evalua8on
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Time	  of	  Flight	  (ToF)	  Sensor

• active modulated illumination!
• 200 x 200 pixels!
• 8 images per shot at 4 

different phase shifts!
• suppression of background 

illumination!
• phase shift φ (distance) and 

intensity image A (amplitude)
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•  Gray%value*Cameras*@1.3*K*
•  TOF*Camera*with*200*x*200*

pixels.*

Low*level*TOF*
depth*correcBon** Stereo*Matching*

Sensor*Fusion*for*
high*quality*depth*

maps*

MulB%view*
registraBon*

ApplicaBons*

Combining	  Stereo	  and	  ToF
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•  11"sequences"with"a"
produc2on"rig"@"4k"&"30"
fps"from"Screen"Plane"

The	  scaled-‐up	  version
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Ground	  Truth	  (Real	  Scene)

Approach	  
• Created	  test	  dataset	  with	  object	  of	  known	  geometry	  
(HCI	  Box)	  
–Precision	  measurement	  of	  depicted	  object	  (<	  1mm)	  
–Supply	  3D	  polygon	  mesh	  in	  commonly	  used	  data	  
formats	  
–Recorded	  sequences	  with	  calibrated	  camera	  and	  
known	  camera	  pose	  

• More	  at:	  hXp://hci.iwr.uni-‐heidelberg.de/Benchmarks/
document/hcibox/
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Ground	  Truth	  Data

Amplitude DepthRGB
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The	  HCI-‐Box
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Ground	  Truth	  (Synthe8c	  Scene)

Approach	  
• Physically	  correct	  simula8on	  of	  ToF	  output	  
–simulate	  correct	  light	  propaga8on	  using	  path	  tracing	  
methods	  
–consider	  mul8path	  and	  material	  dependent	  effects	  
–correct	  simula8on	  of	  mo8on	  ar8facts	  by	  handling	  of	  
subframes	  

• Details	  at	  hXp://hci.iwr.uni-‐heidelberg.de/Benchmarks/
document/tof_bidirpathtracer/
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Ground	  Truth	  (Synthe8c	  Scene)

!

!

!

!

!

!
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• Details	  at	  hXp://hci.iwr.uni-‐heidelberg.de/Benchmarks/
document/tof_bidirpathtracer/

51Ended Projects   I

ALGORITHMS FOR LOW COST DEPTH IMAGING

Zur Überwindung der Kluft zwischen virtueller und 
realer Welt ist eine präzise Wiedergabe der Szenen-
geometrie wichtig. Besonders preiswerte Tiefenbildka-
meras, zum Beispiel Time-of-Flight (ToF)-Kameras, 
die das Herzstück im Microsoft Kinect-System der 
zweiten Generation bilden, halten Einzug in den priva-
ten Massenmarkt. Mit diesen Geräten kann praktisch 
jeder virtuelle Welten erzeugen und realistisch darstel-
len. Generell weisen die auf diese Art aufgenommenen 
Bilder eine geringe räumliche Auflösung sowie 
Bildrauschen und technologiespezifische Artefakte auf. 
Dadurch sind Genauigkeit und Anwendbarkeit dieser 
Geräte stark eingeschränkt. Mit der Bereitstellung 
algorithmischer Lösungen für alle Aspekte der Tiefen-
bildverarbeitung, angefangen bei der Datenaufberei-
tung und Genauigkeitsverbesserung bis hin zur Analy-

se von Tiefenbildern, wurde das angestrebte Ziel des 
Projekts sehr erfolgreich realisiert.

Zur Verbesserung von Bildintensität und Tiefenabbil-
dungen wurden neue Methoden zur Kantenerkennung 
entwickelt, die sowohl Schattenentfernung als auch 
Intensität und Tiefeninformationen berücksichtigen. 
Durch Verbindung dieser hochpräzisen Kanteninfor-
mationen mit hochmodernen Verfahren für adaptive 
Rauschunterdrückung waren wir in der Lage, rausch-
freie Tiefenabbildungen auf ideale Weise wiederherzu-
stellen. Bedeutende Fortschritte machten wir bei der 
Szenenrekonstruktion und der Unterdrückung von 
geometriebezogenen Artefakten, indem wir die Senso-
ren genau kalibrierten und die Geometrie von Beleuch-
tungsquellen berücksichtigten. Durch die Nutzung all 
dieser Fortschritte bei Algorithmen und Konzepten 
konnten wir eine beispiellose Genauigkeit in der 
Rekonstruktion von Szenengeometriedaten nachwei-
sen, die mittels Endanwender-Tiefenbildgeräten erho-
ben wurden.

Zur Analyse der Genauigkeit unserer Bildverbesserun-
gen unter realistischen Situationen ist das Erstellen 
von Ground Truth Daten unerlässlich. Im Rahmen 
dieses Projektes stellen wir solche hochpräzisen Daten 

Accurately recovering scene geometry is important for 
bridging the gap between the real and the virtual world. 
Particularly low-cost, single view depth imaging came-
ras, i.e. Time of Flight cameras (ToF) which are the 
heart of the second generation of Microsoft's Kinect 
system, are entering the mass consumer market. 
These devices make it feasible for everybody to genera-
te and enhance virtual worlds. In general, the acquired 
images have a low spatial resolution and suffer from 
noise as well as technology specific artifacts. These 
severely limit the accuracy and applicability of these 
devices. This project has been highly successful in 
reaching its goal to provide algorithmic solutions to the 
entire depth imaging pipeline, ranging from preproces-
sing and accuracy enhancement to depth image analy-
sis.

For enhancing image intensity and depth maps, new 
approaches for edge detection, combining intensity and 
depth information as well as shadow-removal, have 
been developed. By combining this highly accurate 
edge information with state-of-the-art adaptive denoi-
sing techniques, we were able to achieve an ideal 
restoration of noise-free depth maps. Significant 
advances in scene reconstruction and suppressing 
geometry related artifacts were achieved through 
accurately calibrating sensors and taking the geometry 
of illumination sources into consideration. Employing 
all these algorithmic and conceptual advances, we 
were able to demonstrate an unprecedented accuracy 
of reconstructing scene geometry from consumer 
grade depth imaging devices.

For accessing the accuracy improvements of our depth 
data enhancement, the generation of ground truth 
imagery is essential. Here, we provided highly accurate 
data obtained from Lidar (Light Detection and Ranging) 
and structured light scanners. At the same time, we are 
aiming for generating ground truth data with low cost 
sensors or generating them synthetically altogether. 
Here, progress has been made by using state-of-the- 
art global illumination methods for simulating depth 
sensors and in combining error analyses on rendered 
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Real	  vs	  Synthe8c

Real

Synthe8c
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Theme	  1:	  Enhancement
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Denoising	  ToF	  Data

• Goal:	  remove	  noise	  contained	  in	  ToF	  data	  
• Advantage:	  accurate	  depth	  measurement	  at	  
low	  SNR	  
–objects	  with	  low	  reflec8vity	  
–higher	  depth	  ranges
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Denoising	  strategies

•We	  inves8gated	  several	  denoising	  strategies	  for	  
ToF	  at	  different	  stages,	  e.g.	  
–	  Earliest	  stage	  :	  denoise	  four	  raw	  images	  by	  bilateral	  
filtering	  
–Intermediate	  data:	  Denoising	  complex-‐valued	  data	  
–Latest	  stage:	  denoise	  depth	  map	  with	  anisotropic	  
second	  order	  total	  varia8on	  (TV)

Lenzen	  et	  al,	  Denoising	  Strategies	  for	  ToF	  data,	  Time-‐of-‐Flight	  and	  Depth	  Imaging:	  Sensors,	  
Algorithms,	  and	  Applica8ons,	  Springer,	  2013,	  DOI:	  10.1007/978-‐3-‐642-‐44964-‐2_2
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Denoising	  strategies

Higher	  order	  TV	  
on	  depth	  data

Bilateral	  +	  Median	  
on	  raw	  dataScene

Raw	  Depth

Lenzen	  et	  al,	  Denoising	  Strategies	  for	  ToF	  data,	  Time-‐of-‐Flight	  and	  Depth	  Imaging:	  Sensors,	  
Algorithms,	  and	  Applica8ons,	  Springer,	  2013,	  DOI:	  10.1007/978-‐3-‐642-‐44964-‐2_2
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Favoured	  denoising	  approach

1. Stage:	  edge	  detec8on	  
–mul8modal	  edge	  detec8on	  
–suppress	  artefacts	  of	  ToF	  device	  

2. Stage:	  adap8ve,	  anisotropic	  denoising	  
–no	  smoothing	  across	  object	  boundaries	  
–smooth	  image	  gradients
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Favoured	  denoising	  approach

1.	  Stage:	  Edge	  Detec.on	  
• Find	  edges	  in	  depth	  and	  intensity	  data	  	  
• Remove	  texture	  edges	  
• Iden8fy	  shadow	  cas8ng	  depth	  edges	  along	  with	  
shadows	  (intensity	  edges)	  
• Remove	  the	  later	  while	  keeping	  the	  former	  
• Determine	  edge	  normals
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Favoured	  denoising	  approach

Edge	  Detec.on

Schäfer,	  H.	  and	  Lenzen,	  F.	  and	  Garbe,	  C.S.,	  Depth	  and	  Intensity	  Based	  Edge	  Detec8on	  in	  Time-‐
of-‐Flight	  Images,	  3DTV-‐Conference,	  IEEE,	  pp.	  111-‐118.	  2013.	  DOI:	  10.1109/3DV.2013.23	  
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Favoured	  denoising	  approach

Edge	  Detec.on
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2.	  Stage:	  Denoising	  
• Use	  anisotropic	  second	  order	  total	  varia8on	  
(penalizing	  L1-‐norm	  of	  image	  gradient)	  
• Adapt	  to	  the	  local	  noise	  level	  (amplitude-‐dependent)	  
• Reduce	  smoothing	  across	  edges,	  smooth	  mainly	  
parallel	  to	  edges.	  
• Second	  order	  reduces	  stair-‐casing	  (typical	  for	  first	  
order	  TV)
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While the phase shift ϕ of a pixel corresponds to the distance from the scene
to the camera, the desired depth map d should contain the distance of scene
and camera plane, measured parallel to the optical axis. Therefore, the phase
shift has to be transformed according to di,j := ϕi,j cosαi,j , where α is the angle
included by the optical axis and the current pixel.

Remark 1. In this paper, we decided to retain the original xy-grid of the camera
layout and to apply only a transformation to the depth data (z-coordinate), with
the disadvantage that the geometry of the scene is not optimally represented.
Future work will focus on an exact handling of the 3D geometry of the data.

3 Denoising Method

In the following, we describe our approach to denoise the depth map d obtained
as described in Sect. 2. Our ansatz is based on the variational problem

min
u∈Rn,m

F (u) := min
u

∑

i,j

wi,j(ui,j − di,j)2 + φ(u). (1)

Here wi,j are local weights on the data term in order to incorporate data feasi-
bility. These weights are determined by considering an appropriate noise model,
see Sect. 3.1. The regularization term φ(u) is assumed to be of the form

φ(u) =
∑

i,j

sup{vT
i,jLi,j(u) | vi,j ∈ Ci,j}, (2)

where Li,j : Rn,m → Rs are local finite difference operators and Ci,j ⊂ Rs are
closed convex constraint sets. The general concept in (2) allows for a locally
adaptive L1-penalization of derivatives of u, provided by Li,ju, where the adap-
tivity is determined by the size and shape of the constraints set Ci,j . This concept
also covers standard TV regularization approaches.

3.1 Weighting of the Data Term

We follow the noise model presented in [8], according to which the noise εi,j at
each pixel (i, j) is independent Gaussian distributed. The variance σi,j depends
on the amplitude Ai,j of the recorded IR signal, i.e. σ2

i,j = σ2
0/2A2

i,j for some
constant factor σ0 > 0. The recorded depth map then is given as di,j = ui,j +εi,j

with noise-free data u. We apply a maximum-a-posteriori (MAP) estimator:

max
u∈Rn×m

p(u|d) = max
u∈Rn×m

p(d|u)p(u), (3)

where p(u|d) is the conditional probability of u given d, p(d|u) is the conditional
probability of d given u and p(u) is the (unconditioned) probability of u. p(u) is
commonly assumed to be known a priorily, thus p(u) is also referred to as prior
on u. From the Gaussian noise model we find that

p(d|u) =
1
c1

∏

i,j

e
−

A2
i,j

σ2
0

|ui,j−di,j |2
, (4)
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with some constant c1 > 0. For the prior on u, we consider at this point the
general form p(u) = 1

c2
e−φ(u) for some suitable φ and a constant c2 > 0.

With these settings and using the fact that problem (3) is equivalent to solving
minu − log p(u|d), we end up with

min
u

∑

i,j

A2
i,j

σ2
0

|ui,j − di,j |2 + φ(u), (5)

where additive constant terms have been omitted. Comparing (5) with (1), we
find that the weights wi,j in (1) have to be chosen as wi,j := A2

i,j/σ2
0 .

3.2 Edge Detection

To supply edge information for the proposed method, we use the enhanced struc-
ture tensor proposed in [13]. While calculating the derivatives for the structure
tensor, the data is upsampled by a factor 2, to prevent information loss.

After obtaining the structure tensor, smoothed with an ordinary Gaussian, it
is recalculated but with an hourglass-shaped Gaussian filter, aligned to the previ-
ously detected edges. This prevents too much smoothing in cross-edge direction,
to distinguish close-by parallel edges. We use all available data, i.e. structure
tensors for both A and d. Then the sum of both is evaluated to acquire the
eigenvectors. This way, the normal orientation of the edges (eigenvectors vi,j)
and a value for their distinctness (differences of eigenvalues si,j) are obtained.

To reduce the noise in the edge image, a smoothing function is applied.
Weighted with the ℓ1 distance, the surrounding 24 pixels are checked for aligned
edges by utilizing the inner product of the two relevant vectors. A Gaussian-like
function is used to distinguish better between (almost) aligned and unaligned
edges: s∗i,j(A, d) = 1

norm

∑
(k,l)∈N24

∣∣∣ 1
(i,j)−(k,l)

∣∣∣ exp
(
−
(
1 − ∥vT

i,j · vk,l∥
)

/
(
2σ2
))

,
where norm is a normalizing constant.

Finally, to have matching edge and depth data, the edge images are down-
sampled to the original size.

3.3 Regularizer φ(u)

Our regularization is based on discrete derivatives of first and second order,
using finite differences on the pixel grid. Let Dxu, Dyu denote right-sided finite
differences for the first, and Dxxu, Dyyu, Dxyu central finite differences for the
second order, respectively. At the boundary of the pixel grid, u is constantly
extended, i.e. we assume (discrete) homogeneous Neumann boundary conditions.

We are aiming at an anisotropic total variation (TV) penalization of u (cf. [9]),
coupled with an isotropic L1-penalization of the Hessian of u (cf. [19]),

φ(u) :=
∑

i,j

(
ci,j

√(
Dxui,j

Dyui,j

)T
Gi,j

(
Dxui,j

Dyui,j

)
+ (1− ci,j)γi,j

∥∥∥∥

(
Dxxui,j

Dyyui,j

Dxyui,j

)∥∥∥∥
F

)
, (6)
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where

– ci,j ∈ [0, 1] provide a local weighting of the first and second order terms,
– matrix Gi,j = α2

i,jvi,jvT
i,j + β2

i,j(Id−vi,jvT
i,j) for a given unit vector vi,j ∈ R2

defines the anisotropy for the first order, with αi,j > 0, βi,j > 0 being the
local regularization parameters parallel and orthogonal to vi,j , respectively,

– the term
∥∥∥∥

(
Dxxu
Dyyu
Dxyu

)∥∥∥∥
F

:=
√

(Dxxu)2 + (Dyyu)2 + 2(Dxyu)2,

is the Frobenius norm of the discrete Hessian of u, and
– γi,j > 0 defines the local regularization parameter for the second order term.

Fig. 2. Top left: standard TV. Top right: standard TV with weights. Bottom left:
anisotropic TV. Bottom right: anisotropic TV with second order terms. By consider-
ing a weighted data term, we are able to cope with the local varying noise variance.
Anisotropic TV ensures a better preservation of edges, while the higher order penal-
ization term regularizes the slopes.

Remark 2. We note that the regularization term φ(u) in (6) is of the form (2),
as can be seen by defining Li,j(u) := (Dxui,j, Dyui,j , Dxxui,j , Dyyui,j , Dxyui,j)⊤
and the constraint set Ci,j = C(αi,j , βi,j , γ, ci,j , vi,j) ⊂ R5 by

C(α, β, γ, c, v) :=
{
p ∈ R5 :

1
α2

∥vT ( p1
p2 ) ∥2 +

1
β2

∥(Id−vvT ) ( p1
p2 ) ∥2 ≤ c2,

1
γ2

∥∥∥
( p3

p4
p5

)∥∥∥
2

F
≤ (1 − c)2

}
.
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Sooware	  package	  available	  (C++,	  GPL	  license):	  
see	  hXp://hci.iwr.uni-‐heidelberg.de/Staff/flenzen/?page=tof_denoising	  for	  details.	  
Code	  available	  upon	  request:	  please	  send	  email	  to	  frank.Lenzen@iwr.uni-‐heidelberg.de	  
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Conclusion

• Data	  sets	  for	  valida8on	  are	  available	  
–real	  scenes,	  combined	  with	  stereo	  
–synthe8cally	  rendered	  scenes	  
• ToF	  specifics	  such	  as	  mul8-‐path	  included	  

• Denoising	  	  
–several	  denoising	  strategies	  have	  been	  tested	  
–most	  accurate	  based	  on	  adap8ve,	  anisotropic	  higher	  
order	  TV	  of	  depth	  data	  
–source	  code	  available	  on	  request
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