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Abstract

In this work we present a novel method for the chal-
lenging problem of depth image upsampling. Modern depth
cameras such as Kinect or Time of Flight cameras deliver
dense, high quality depth measurements but are limited in
their lateral resolution. To overcome this limitation we for-
mulate a convex optimization problem using higher order
regularization for depth image upsampling. In this opti-
mization an anisotropic diffusion tensor, calculated from a
high resolution intensity image, is used to guide the upsam-
pling. We derive a numerical algorithm based on a primal-
dual formulation that is efficiently parallelized and runs at
multiple frames per second. We show that this novel up-
sampling clearly outperforms state of the art approaches in
terms of speed and accuracy on the widely used Middlebury
2007 datasets. Furthermore, we introduce novel datasets
with highly accurate groundtruth, which, for the first time,
enable to benchmark depth upsampling methods using real
sensor data.

1. Introduction

Accurate, high resolution depth sensing is a fundamen-
tal challenge in computer vision. It is used in a variety
of different applications including object reconstruction,
robotic navigation and automotive driver assistance. Tradi-
tional computer vision approaches calculate the scene depth
through computational exhaustive stereo calculations or ex-
pensive laser range measurements.

Recently, Time of Flight (ToF) range sensors became a
popular alternative for dense depth sensing. A per-pixel
depth is measured actively through the runtime of light. The
measurement is independent from scene texture and largely
independent from environmental lighting conditions. It de-
livers a dense depth map even at very close ranges [12, 21].
No additional calculations are necessary, which results in
depth measurements at high frame rates. Recently, 7oF sen-
sors have become affordable in the mass market and a small
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(a) Low resolution depth (b) High resolution intensity

(c) High resolution depth upsampling result

Figure 1. Upsampling of a low resolution depth image (a) using
an additional high resolution intensity image (b) through image
guided anisotropic Total Generalized Variation (c). Depth maps
are color coded for better visualization.

packet size and a low energy consumption make them appli-
cable in mobile devices. However, their main disadvantages
are a low resolution caused by chip size limitations and ac-
quisition noise due to limited active illumination energy.

In this work, we propose a method to drastically increase
the lateral measurement resolution by a novel depth map up-
sampling approach, as shown in Figure 1. To increase both,
quality and resolution, we add information from a high reso-
lution intensity camera in a variational optimization frame-
work. We build on the observation that textural edges are
more likely to appear at high depth discontinuities, whereas
homogeneous textured regions correspond to homogeneous
surface parts [23]. Fusing both, low resolution but very ro-
bust depth and high resolution intensity in a spatial sense,
results in a dense depth map with increased lateral resolu-
tion and visual quality.



We formulate the upsampling as a convex optimization
problem [2, 6]. The energy is composed of two terms. First,
the data term forces the solution to be similar to the input
depth measurements. Second, the higher order regulariza-
tion term enforces a piecewise affine solution, preserving
sharp edges according to the texture, while compensating
acquisition noise. This term is modeled as a second or-
der Total Generalized Variation (TGV) regularization and
is weighted according to the intensity image texture by an
anisotropic diffusion tensor.

The main contributions of this work are two-fold: (1) We
propose a novel method for fast depth image upsampling by
combining a low resolution depth image with high resolu-
tion texture information in a variational energy optimization
framework. The employed higher order regularization is
well suited to model the image acquisition process of mod-
ern depth cameras and leads to an improved quality of the
upsampled depth maps, compared to state of the art meth-
ods. (2) We propose benchmarking datasets that enable a
quantitative comparison of depth image upsampling meth-
ods providing real 7oF and intensity camera acquisitions to-
gether with a highly accurate groundtruth measurement. To
encourage further comparison and future work, these novel
datasets and MATLAB code of our method are available at
our website !.

In our experiments we demonstrate the upsampling qual-
ity by a numerical and visual comparison on synthetic and
real benchmarking datasets. Compared to state of the art
methods, our method is superior in terms of speed and ac-
curacy on all test sets.

2. Related Work

There are many ways to increase the resolution and the
accuracy of depth measurements. In general, they can be
separated in three main classes: (1) fusion of multiple depth
sensors, (2) temporal and spatial fusion and (3) upsampling
by combining depth and intensity sensors.

Multiple Depth Sensor Fusion Recent works addressed
the fusion of different depth sensing techniques to increase
resolution and quality. Gudmundsson et al. [8] presented a
method for stereo and Time of Flight (7oF) depth map fu-
sion in a dynamic programming approach. Similar work has
been proposed by Zhu et al. [26] using an accurate depth
calibration and fusing the measurements in a Markov Ran-
dom Field (MRF) framework. Additionally to this spatial
fusion also a temporal fusion was performed by measuring
the frame-to-frame displacement acquired with high speed
intensity cameras.

Inttp://rvlab.icg.tugraz.at/tofmark
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Temporal and Spatial Upsampling A common way to
improve the resolution and quality of depth information is
to fuse multiple depth measurements into one depth map.
Schuon et al. [22] proposed a method to fuse ToF acquisi-
tions of slightly moved viewpoints. It uses a bilateral regu-
larization in a MRF optimization framework incorporating
also the ToF sensor characteristics. Based on this work, Cui
etal. [4] used a set of fused depth maps with larger displace-
ments. To create whole volumes of depth data Newcombe
et al. [14] proposed a method for simultaneous camera lo-
calization and depth fusion in real time.

Depth Upsampling through Intensity Information
This class of approaches uses additional intensity informa-
tion as depth cue for image upsampling. Yang et al. [24]
used bilateral filtering of a depth cost volume and a RGB
image in an iterative refinement process. Chan et al. [3]
used a noise aware joint bilateral filter to increase the res-
olution and to reduce depth map errors at multiple frames
per second. Diebel and Thrun [5] performed an upsampling
using a MRF formulation, where the smoothness term is
weighted according to texture derivatives. A more com-
plex approach was proposed by Park et al. [15]. They
used a combination of different weighting terms of a least
squares optimization including segmentation, image gradi-
ents, edge saliency and non-local means for depth upsam-
pling. The combination of intensity and depth data in a
Bayesian Framework was proposed by Li et al. [13].

Discussion While the methods for multiple sensor fusion
deliver accurate depth results, their quality relies on high
calibration effort. Further, most sensor fusion techniques
have to calculate a depth map from passive stereo in a pre-
processing step before the actual fusion is able to start. Con-
trary, temporal and spatial fusion approaches rely on mul-
tiple acquisitions from a single depth sensor. The major
drawback of these methods is that changing environments
during these acquisitions will harm the fusion result.

To overcome these limitations, we chose the combina-
tion of a low resolution depth and a high resolution in-
tensity sensor to increase the natural depth sensor resolu-
tion. The upsampling is calculated on a per image basis
without the need for complex preprocessing. Existing ap-
proaches, such as [3, 24], calculate this depth upsampling
by a bilateral filtering. While bilateral filtering techniques
can operate at high frame rates they have a drawback in
oversmoothing fine details. In contrast, our method builds
on the success of recently introduced upsampling methods
using MRF and least squares optimization [5, 15]. Unlike
them, our approach incorporates a higher order regulariza-
tion, which avoids surface flattening. Furthermore, we use
an anisotropic diffusion tensor based on the intensity image.
This tensor not only weights the depth gradient but also ori-
ents the gradient direction during the optimization process.



3. Method

Our upsampling approach generates a high quality and
high resolution depth map Dy out of a high resolution in-
tensity image Iy and a low resolution and noisy depth map
Dy, where Iy, Dip: Qu € R2? and Dy, Q, € R2. The
methodology of this approach can be divided into three
main areas: (1) Registering the low-resolution depth mea-
surements and the high resolution intensity information in
one common coordinate system (Section 3.1), (2) formu-
lating the depth upsampling problem into a convex energy
functional (Section 3.2), and (3) solving the optimization
problem with a first-order primal-dual optimization scheme
(Section 3.3).

3.1. Depth Mapping

Since the low resolution depth map Dr, and the high res-
olution intensity image Iy stem from different cameras, a
mapping can only be established when intrinsic and ex-
trinsic parameters are known (see Section 4.2). In our
setup we define the intensity camera as the world coordi-
nate center. Each depth measurement d; ; at pixel position
z;j = [i,j,1]T is projected into the high resolution inten-
sity image space 1. This projection is calculated as

PT i
Xij=CL+ dm‘#

[ PLi QY
fi’j = PHXZ‘J‘ VZ7J S QL,

where PIJE is the pseudoinverse of the depth camera projec-
tion matrix, Cy, the camera center and X, ; the 3D point.
Each 3D point is back projected by multiplication with the
projection matrix of the intensity camera Py. Hence, we
get a projected depth image Dg consisting of a sparse set
of base depth points at position Z; ; in the intensity image
space (2 where the depth value is given by the distance to
the 3D point X; ; (see Figure 2).
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Figure 2. Projection from a low resolution depth map Dy, to a high
resolution sparse depth map Ds in the intensity camera coordinate
system.

Although, one low resolution sensor pixel Dy, ¢, j mea-
sures the average depth of multiple pixels in the high reso-
lution space we only project it to one central pixel Dg i, j
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at position Z; ;. Therewith, we minimize the error which
can occur due to this averaging in the high resolution space.
Through the regularization term, introduced in Section 3.2,
the area between the projected depth pixels is implicitly in-
terpolated.

3.2. Depth Image Upsampling

Our upsampling method increases the resolution of mea-
sured depth data from a low resolution depth sensor by
adding edge cues from a high resolution intensity image.
To be able to use both information, we map the depth mea-
surements to the intensity camera coordinate system as de-
scribed in Section 3.1. With this mapping we get a depth
map Dg of a sparse set of base depth measurements from
the low resolution depth sensor.

The high resolution depth map Dy is given by

Dy = argmin {G(u, Dg) + aF(u)} . 2)

u

This formulation is composed of the data term G(u, Ds)
that measures the fidelity of the argument u to the input
depth measurements Dg and the regularization term F'(u)
that reflects prior knowledge of the smoothness of our solu-
tion. F' and G are convex lower semi-continuous functions.
The scalar « is used to balance the relative weight between
the data and the regularization.

The data term in our energy model is designed to ensure a
data consistency to the base depth points Dg from the depth
camera. Additionally, we allow to weight the depth mea-
surements with a weighting operator w = [0,1] € R%#,
which is zero at unmapped image points and between zero
and one on the base points according to some application
specific confidence. Hence, the data term results in

G(u,DS):/ w|(u—Ds)|2dx, 3)

Qu

which penalizes deviations of the resulting depth from the
measured depth.

The regularization term has to meet the challenges of
producing a high resolution depth map out of a sparse
set of depth points. Most currently utilized regularization
terms are based on the first order smoothness assumption
[19], e.g. the Total Variation semi norm, which results in
F(u) = ||Vul|:. While the simple model with L1 norm is
well suited for intensity image denoising, it has a disadvan-
tage when used for range data regularization. Through its
gradient penalization it favors constant solutions. This pre-
vents the depth map to become a piecewise smooth surface,
resulting in piecewise fronto parallel depth reconstructions.

Hence, we use a more generalized regularization model
namely the Total Generalized Variation (7GV) introduced
by Bredies et al. [1]. The TGV is composed of polynomi-
als of arbitrary order, which allows to reconstruct piecewise



polynomial functions. An order of k favors solutions com-
posed of polynomials of order & — 1. For depth upsampling,
it turns out that the second order TGV is sufficient, since
most objects can be well approximated by piecewise affine
surfaces. The primal definition of the second order TGV is
formulated as

TGV?2 = min {al/ \Vu—v|da?+ozo/ |Vvdx},
v Q Q
4)

where the scalars g and «; are used to weight each order.
Because the TGV regularizer is convex it allows to compute
a globally optimal solution.

Assuming that texture edges most likely correspond to
depth discontinuities, we use the high resolution intensity
data to produce a more accurate upsampling result. Hence-
forth, we include an anisotropic diffusion tensor T%. This
tensor is calculated by

T? =exp (-8 \VIg|")nn™ +ntntT, %)
where n is the normalized direction of the image gradient
n = \ggl , n' is the normal vector to the gradient and the
scalars 3, v adjust the magnitude and the sharpness of the
tensor. The anisotropic diffusion tensor not only weights
the first order depth gradient but also orients the gradient
direction during the optimization process.

Including this term in our 7GV model we can penalize
high depth discontinuities at homogeneous regions and al-
low sharp depth edges at corresponding texture differences.
A similar combination of TGV and weighting was used by
Ranftl et al. [18] for passive stereo reconstruction. With
the additional edge tensor information the optimization re-
sult leads to sharper and more defined edges in our solution.
Further, the regions where the depth data is interpolated are
filled out more reasonably.

The final energy is defined as a combination of data term
(3) and the TGV term (4) with anisotropic diffusion (5):

v L,

min |Vo|dz+

\T%(Vu —v)|dz + ao/
Qn

/QHw|<u—Ds>|2dx}.

3.3. Primal-Dual Optimization

(6)

The proposed optimization problem (6) is convex but
non smooth due to TGV regularization term and the zeros
in the weighting operator w. To find a fast, global opti-
mal solution for our problem we use the primal-dual energy
minimization scheme, as proposed in [2, 6]. We reformu-
late the non-smooth problem in a convex-concave saddle-
point problem applying the Legendre Fenchel transform
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(LF) . The optimization problem can be efficiently mini-
mized through gradient descent. The transformed saddle-
point problem of our energy functional (6) is given by

. 1
min max a1 (T2 (Vu—v),p)+
u€RMN ycR2ZMN peP,qeQ

ao(Vo,q) + Y wij(ui; — Dsij)?,
i,JEQ

(N

introducing the dual variables p and ¢g. The feasible sets of
these variables are defined by

Q={q: U > RY |lgj| <1, Vi,jeQu}.

®)
©))

This formulation is used in the primal-dual algorithm,
where the primal and dual variables are iteratively opti-
mized for the individual pixels in three steps. First, the
dual variables p and ¢ are updated using gradient ascend.
Second, the primal variables are updated using gradient-
descent. Third, the primal variables are refined in an over-
relaxation step. The step sizes are chosen s.t. u® = Dsg,
9, p%, ¢ =0, op > 0,04 >0,7, > 0and 7, > 0. For
any iteration n > 0 the steps are calculated according to

pn+1 _ Pp {pn + opory (Tl/Q(Vﬂn _ ,Dn))}

" =P, {q" + oqaoV"}

u™ + 7, (()qVTTl/Qp"+1 + wDs)
14+ mw

,Un-l—l = " + 7 (aoqu7L+1 + a1T1/2pn+1)

ﬂn+1 — un+1 + 9(Un+1 _ ﬂ")

,Dn+1 — ,Un+1 + e(vn+1 _ T}n)

un+1 _

(10)

until a stopping criterion is reached. To fulfill the convex
optimality condition in the dual update step, the projection
operators P, and P, for p and g are calculated through

) Di,j
P i = T . 1~
o {Pis } max (1, |p; ;]) (11)
~ d".
Pyfdij} = N

max (17 ‘qid‘) .

In practice the relaxation parameter 6 is updated in every
iteration, according to [2], and the optimal step sizes are cal-
culated using preconditioning, as proposed in [17]. There-
with, we achieve a fast and guaranteed convergence to the
global optimal solution for different tensor conditions. The
gradient and divergence operators are approximated using
forward/backward differences with Neumann and Dirichlet
boundary conditions, respectively.

4. Evaluation

In this section, we show a quantitative and qualita-
tive evaluation of our upsampling method. For an exten-
sive evaluation we investigate the performance compared



Art Books Moebius
x2 x4 x8 x16 x2 x4 x8 x16 x2 x4 x8 x16

Avg.Time [s]

Nearest 465 501 571 7.0 430 468 485 523 508 520 531 565 -
Bilinear 309 359 439 591 291 312 334 371 321 345 362 4.00 -
Yang et al. [24] 136 193 245 452 112 147 181 292 125 163 206 321 -
He et al. [0] 192 240 332 508 160 182 231 306 177 203 260 334 23.89
Diebel and Thrun [5]  1.62 224 385 570 134 208 285 354 147 229 309 381 -
Chan et al. [3] 183 290 475 770 104 136 194 307 117 155 228 355 3.02°
Park et al. [15] 124 182 278 417 099 143 198 304 103 149 213 3.09 24.05
OURS 0.84 129 206 356 051 075 116 189 057 090 138 2.15 1.94

Table 1. Quantitative comparison on the Middlebury 2007 datasets with added noise. The error is measured as RMSE of the pixel disparity
for four different magnification factors (x2, x4, x8, x16). The best result for each dataset and upscaling factor is highlighted and the
second best is underlined.

(a) RGB (b) input depth (c) Diebel (d) Chan (e) Park (f) OURS (g) Groundtruth
Figure 3. Visual comparison of X8 upsampling on a snippet of the Middlebury Art dataset including fine structures. (a) RGB intensity
image, (b) low resolution input image (enlarged using nearest neighbor upsampling). (c) Upsampling using MRF proposed by Diebel and
Thrun [5]. (d) Adaptive bilateral upsampling proposed by Chan et al. [3]. (e) Nonlocal means upsampling proposed by Park et al. [15].
(f) Our upsampling method using image guided anisotropic TGV. The results in (c) and (d) still suffer from noise. (e) removes noise but
suffers from edge bleeding especially at small structure boundaries. Our method removes noise and preserves sharp object edges.

to state of the art approaches on the simulated Middlebury Field (MRF) based approach of Diebel and Thrun [5], the

2007 datasets [10, 20] in terms of speed and accuracy. Be- bilateral filtering with cost volume refinement of Yang et al.
yond this simulations, we evaluate our method on real data [24], the guided image filtering approach of He et al. [9], the
with highly accurate groundtruth measurements. In our ex- noise-aware bilateral filter approach by Chan et al. [3] and
periments we use a 2 X 2 gradient operator to calculate the the non-local means filtering by Park et al. [15]. Further,
intensity image gradients. The tensor parameters 3 and ~y we compare the results to common interpolation methods.
as well as the TGV parameters g and «; are manually set The confidence measure w in our functional is set to 1 for
once for each upsampling factor and are constant in syn- all depth points. The parameters oy and 3 have been kept
thetic and the real world evaluations. fixed for all datasets and have been empirically chosen for

. . x2/ x4/ x8/ x16 as 0.154, 0.023 / 0.05, 0.0056 / 0.267,
4.1. Mlddlebury Benchmark Evaluation 0.03/0.267, 0.03.

An exhaustive evaluation of our method in terms of This experiment gives an objective comparison on the ro-
quantitative and qualitative comparison is made using in- bustness, accuracy and speed of a variety of different algo-
put images from the Middlebury datasets [10, 20]. We use rithms. The numerical results for this experiment in terms of
the disparity image as groundtruth and the original RGB  the root mean squared error (RMSE) and computation time
intensity image as input for our anisotropic diffusion ten- are shown in Table 1. A visual comparison for the different
sor. Park et al. [15] provides low resolution input depth methods is given in Figure 3. Further quantitative compar-
images with different downsampling factors (x2, x4, X8, isons to other depth upsampling methods on the Middlebury
%x16). To simulate the acquisition process, these input im- 2003 and 2007 datasets can be found in the supplemental
ages contain additional Gaussian noise with a standard devi- material.

ation that increases with the disparity. Using these datasets

Its with the Markov Random . . .
we are able to compare our results with the Markov Rando Discussion What can be clearly seen is that our method

2This is an extrapolation of the runtime the authors report on images of delivers an upsampling quality that is superior compared
size 800 x 600. to state of the art methods at a lower computation time.
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This quality improvement originates from a Total Gener-
alized Variation (7GV) regularization combined with an
anisotropic diffusion tensor. The higher order regularization
better captures the surface of real world scenes, while the
anisotropic diffusion tensor delivers a more defined guid-
ance of the high resolution intensity data compared to a sim-
ple scalar weighting.

While the Middlebury datasets are popular to evaluate
depth upsampling methods, they neglect some important
properties of real acquisition setups. Typically, depth and
intensity data do not originate from the same sensor and
are therefore not aligned. Further, real low resolution depth
sensors measure depth data with a more complex acquisi-
tion noise which can not be simulated by adding simple
Gaussian noise. Therefore, we create a novel benchmark-
ing dataset based on real sensor data.

4.2. Benchmarking based on Real Sensor Data

The evaluation on real acquisitions is made using differ-
ent scenes acquired with a Time of Flight (7oF) and an in-
tensity camera simultaneously. For depth measurements we
use a PMD Nano ToF camera delivering a 120 x 160 dense
depth and IR amplitude image [16]. The intensity image is
acquired by a CMOS camera with a sensor size of 810 x 610
pixel.

Camera Calibration Calibration of the intensity camera
and the ToF camera is a crucial part in our upsampling sys-
tem since the quality of the calibration directly affects the
accuracy of the upsampling result. The intrinsic and extrin-
sic camera parameters are calibrated similar to the method
of Zhang [25]. A planar target with circular feature points
and known geometry is acquired from different viewpoints.
Through the known correspondence between the feature
points on the target plane and in the image, focal length,
principal point and radial and tangential distortions are esti-
mated. To calibrate the intrinsic parameters of the ToF cam-
era, the low resolution IR amplitude image Ir,: Qy, C R? is
used. The rotation and translation between intensity and
ToF camera is estimated by establishing a geometric corre-
spondence through the feature points on the planar target.
In addition to the intrinsic and extrinsic camera param-
eters, both the ToF depth is calibrated and a depth confi-
dence value is calculated through the 3D projections of the
planar feature points. Because ToF cameras measure depth
through active illumination, the depth measurement cer-
tainty increases with the measured amplitude [7]. Through
a comparison of the very accurate 3D measurements of
the calibration points and the measured ToF depth points
a dependence between the acquired IR amplitude image
and the measurement error can be established, as shown
in Figure 4. With this information we can estimate an
amplitude-dependent 3D measurement offset value Ad; ; =
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Figure 4. Correlation between measured IR amplitude and depth
measurement error of TOF acquisitions. The standard deviation of
the measurements increases with decreasing IR intensities.

F(I;;),F : R — R and a confidence measure w which
decreases with increasing noise. Depth estimates where the
amplitude is very low are underestimated. This effect can be
clearly seen on our black and white calibration target (see
Figure 5). After compensation d; ; = d; ; + Ad, ;, the dif-
ference between bright and dark surface reconstructions can
be minimized.

—l
| et

Figure 5. Compensation for amplitude based depth error of TOF
cameras. Depth estimates on dark surfaces are underestimated (see
red/full box). Using our depth calibration, we can compensate for
that error (see green/dashed box).

We assume a linear correspondence between the IR am-
plitude and the depth error below a full confidence threshold
Inaz, as shown in Figure 4. Hence, the depth confidence
weighting is calculated through the 7oF amplitude image

ILi,j/Imaa: if ILi,j < Imaz
Ir; ;=1 else

Q1. The full confidence value is empirically set to 1,4, =
1000 (16bit amplitude image I1,).

11, by Wi, j Vi, j €

Novel Real-World Dataset The groundtruth measure-
ments are generated using a structured light scanner which
consists of two 2048 x 2048 pixel high-speed intensity cam-



Books  Shark  Devil
RMSE nearest [mm] 1821 21.83 19.36
RMSE bilinear [mm] 17.10  20.17 18.66
RMSE Kopfetal. [11] [mm] 16.03 1879 27.57
RMSE He et al. [9] [mm)] 1574 1821 27.04
Input depth density [%] 2.57 2.55 2.53
RMSE OURS [mm] 1236 1529 14.68

Table 2. Quantitative evaluation on the real datasets Books, Shark
and Devil. The error is calculated as RMSE to the measured
groundtruth in mm. We compare standard interpolation methods
as well as joint bilateral filtering [1 1] and image guided filtering
[9] to our approach. The input density value shows the percentage
of sparse depth values which are projected into the high resolution
image space. This corresponds to an upsampling factor of approx-
imately x6.25.

eras and one high-speed projector. The depth uncertainty at
the given baseline is 1.2mm. To get a dense depth map,
multiple acquisitions with slightly displaced projection an-
gles are fused together. The acquired scenes are chosen
to incorporate structures with high texture variations (see
Books scene) as well as thin wiry elements (Shark and
Devil scenes) to evaluate the upsampling accuracy. All
scenes lie in the depth range of 0.8 — 1.2m which reflects
the operation distance of modern 7oF cameras.

A quantitative accuracy evaluation of our upsampling for
three real world datasets is shown in Table 2. The upsam-
pling error is calculated by the RMSE to the groundtruth
depth map measured with the highly accurate structured
light scanner. We compared our method to two common in-
terpolation techniques, joint bilateral upsampling [ 1] and
guided image filtering [9]. As depth input to all methods we
used the offset corrected ToF depth input. The average up-
sampling runtime of 318.2ms is measured as average over
100 runs. The visual results are shown in Figure 6.

Discussion One issue that occurs in real world datasets is
that wrong ToF measurements result in displaced surfaces
in the upsampled result. Another problem arises due to the
difference in the viewpoint of the observing cameras. Thus,
the projected depth measurements near large depth steps
can differ from correct depth values. Because the distance
between the cameras is very small compared to the mea-
sured depth range, these wrong measurements have no large
impact on the result and can be handled by the regulariza-
tion term. Despite that, in the visual and numerical results
it can be seen that our method delivers high quality upsam-
pling results at multiple frames per second for an approxi-
mate upsampling factor of x6.25. Through the additional
incorporation of the 7oF sensor characteristics into our opti-
mization, the acquisition noise is drastically reduced, while
sharp edges and smooth surfaces are preserved. Compared
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to common interpolation methods it delivers superior re-
sults. Comparison to other state of the art methods was not
possible due to the lack of publicly available implementa-
tions, yet we provide a benchmarking framework to help
others in benchmarking their methods.

5. Conclusion

In this paper we propose a novel method for depth map
upsampling using a low resolution, low cost 3D sensor and
an additional high resolution 2D sensor. The upsampling is
formulated as a global energy optimization problem using
Total Generalized Variation (TGV) regularization. For fast
numerical optimization we use a first order primal-dual al-
gorithm, which is efficiently parallelized resulting in high
frame rates. In a quantitative evaluation using widespread
datasets we show that our method clearly outperforms ex-
isting state of the art methods in terms of speed and qual-
ity. We further provide benchmarking datasets of real world
scenes providing a highly accurate groundtruth that, for the
first time, enable a real quality comparison of depth image
upsampling methods. On these datasets we show a visual as
well as numerical evaluation of our method.

The proposed method is not limited to single image up-
sampling. As a future perspective, it will be extended to
incorporate a temporal coherence in a consistent way, even-
tually leading to depth reconstructions with even higher ac-
curacy.
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