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Abstract. Location awareness on the Internet and 3D models of our
habitat (as produced by Microsoft (Bing) or Google (Google Earth)) are
a major driving force for creating 3D models from image data. A key
factor for these models are highly accurate and fully automated stereo
matching pipelines producing highly accurate 3D point clouds that are
possible due to the fact that we can produce images with high redundancy (i.e., a single point is projected in many images). Especially this
high redundancy makes fully automatic processing pipelines possible.
Highly overlapping images yield also highly redundant range images.
This paper proposes a novel method to fuse these range images. The
proposed method is based on the recently introduced total generalized
variation method (T GV ). The second order variant of this functional is
ideally suited for piece-wise aﬃne surfaces and therefore an ideal case for
buildings which can be well approximated by piece-wise planar surfaces.
In this paper we ﬁrst present the functional consisting of a robust data
term based on the Huber-L1 norm and the T GV regularization term. We
derive a numerical algorithm based on a primal dual formulation that
can be eﬃciently implemented on the GP U . We present experimental
results on synthetic data as well as on a city scale data set, where we
compare the method to other methods.

1

Introduction

Recovery of realistic models of urban environments from aerial imagery has been
an important research topic in computer vision for more than 20 years. Recently,
large scale eﬀorts from large enterprises like Microsoft are underway, aiming at
building a virtual equivalent of our planet including realistic models of thousands
of cities worldwide. The enormous scale of such a project, encompassing tens of
thousands of the largest cities worldwide, makes any manual attempt to solve
the arising problems prohibitively expensive. The only way to tackle such an
undertaking is by a fully automatic processing pipeline. Such a workﬂow would
start with the raw images collected by a digital aerial camera mounted on an
aircraft and would automatically produce a virtual, digital representation of the
covered area. For a recent overview on producing 3D models and other information from aerial images see [1]. The other papers in this special issue cover other
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aspects of producing 3D models of our virtual habitat. Using digital cameras,
we can produce highly overlapping and thus redundant images of no additional
cost. This high redundancy enables fully automatic methods for high quality
3D reconstruction (e.g. [2]). An important step towards the 3D reconstruction
is computing the range images. Due to the high redundancy in the input data,
also the range images are highly redundant. The robust fusion of several range
images to a single high quality range image - also called digital surface model
(DSM ) - is the main topic of this paper.
Basically, the fusion can be done in full 3D (e.g. [3]) or in 2 12 D (e.g. [4]).
Our target application is 3D modeling of buildings from very large aerial images where it is simply not possible (and also not necessary) to have a full 3D
representation of the buildings. Hence, we will consider the 2 12 D case in this
paper.
The range image fusion approach we are going to present in this paper is
based on variational approaches for image regularization [5,6,7]. The basic idea
of the variational approach is that the solution of the model is given by the
minimizer of an energy-functional. The energy functional usually is composed of
two basic terms. A regularization term, which reﬂects the a-priori assumption
about the smoothness properties of the solution and a data term which forces
the solution to be similar to the input data. Clearly, diﬀerent choices of the
regularization and data terms will lead to diﬀerent solutions. Variational models
can be further divided into two fundamental classes: Convex and non-convex
problems. The obvious advantage of convex problems over non-convex problems
is that one has the guarantee to ﬁnd a global optimum. This means that the
quality of the solution of a convex functional solely depends on the accuracy of
the variational model. On the other hand, for non-convex problems, the quality of
the solution is subject to both the model and the optimization algorithm, since
in general only a local minimizer can be computed. We will therefore restrict
ourselves to convex models in this paper.
State-of-the-art variational image regularization techniques [6,7] are typically
based on a ﬁrst-order smoothness assumption. While this assumption might be
reasonable for general images, it is less useful for regularizing range images.
The reason is that ﬁrst-order smoothness leads to a preference of piecewise constant solutions (a.k.a. staircaseing eﬀect ), which is not appropriate to regularize range images containing slanted surfaces such as roofs. Total generalized
variation (T GV ) as recently introduced in [8] has some desired properties for
regularizing range images. The key property of T GV K regularization is, that it
favors piecewise polynomial signals of order k − 1 (e.g. T GV 2 favors piecewise
aﬃne functions). Therefore, T GV 2 regularization is perfectly suited to regularize
range images. The main contributions of this paper are:
– A new convex variational model for robust fusion of range images, which
combines T GV 2 regularization with a robust Huber-L1 data term.
– A novel eﬃcient numerical algorithm based on a new ﬁrst-order primal-dual
algorithm which can be eﬃciently parallelized on graphics processing units.
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– The demonstration of the favorable properties of the proposed method on a
large scale city dataset.
The paper is organized as follows. In section 2 we review convex variational
methods for image regularization and highlight possible advantages and disadvantages. As most existing methods are formulated to deal with only one observation, we will also consider (straight-forward) generalizations of these models
to multiple observations. In section 3 we present the proposed T GV 2 model for
range image fusion. For minimization we present an eﬃcient ﬁrst-order primaldual algorithm, which will be detailed in section 4. In section 5 we show experimental results using synthetic and real images. In the last section we draw
conclusions and show directions for future research.

2

Related Work

In this section we review some basic variational image denosing models. While
in their original formulations, the models include a data term which takes only
one observation into account, we will already consider the case with multiple
observations.
2.1

Quadratic Model

The quadratic model (or Tikhonov model) [5] is one of the earliest - dating back
to 1943 - and simplest regularization method used for ill-posed problems. It is
deﬁned as the quadratic variational problem

 
K 

2
2
|∇u| dx +
(u − fl ) dx ,
(1)
min α
u

Ω

l=1

Ω

where Ω ⊂ R2 is the image domain, K is the number of observed range images,
fl : Ω → R denotes a single observation, and u : Ω → R is the sought solution.
The free parameter α ≥ 0 is used to control the amount of smoothing in u. The
left term is the regularization term which reﬂects the smoothness assumption.
The right term measures the distance of the solution to the observed data. Note
that it is very common for range images that the number of observations may
vary over the image domain (e.g. invalid ranges due to occlusions). Since image
locations with a larger number of observations imply a higher conﬁdence in the
input data, we do not normalize the data term with respect to the number of
observations in our models.
In view of our range image fusion problem, the quadratic model tries to ﬁnd
a smooth solution u which minimizes the squared distance to the single observations fl . Being quadratic in u, the Tikhonov model poses a simple optimization
problem, but it does not perform very well for our purpose. The main reason is
that the quadratic regularization term leads to an oversmoothing of edges and
the quadratic data term is not robust against strong outliers in the observed
data.
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ROF Model

L1 estimation procedures have shown to be an eﬀective tool for many diﬀerent
problems. The ﬁrst who introduced L1 estimation methods for image restoration
were Rudin, Osher and Fatemi (ROF ) in their seminal paper on edge preserving
image denoising [9]. In its unconstrained form, the ROF model is deﬁned as the
variational model

 
K 
1
2
min α
|∇u| dx +
(u − fl ) dx .
(2)
u
2
Ω
Ω
l=1

The ﬁrst term is the so called total variation semi-norm of u. We point out that
in this deﬁnition, the T V norm is only valid for suﬃciently smooth function u
(e.g. u ∈ C 1 (Ω)). Fortunately, there exists also a duality based formulation of
the total variation which enables a valid deﬁnition for any integrable function
u ∈ L1 (Ω).
 

α
1
2
udiv ϕdx : ϕ ∈ Cc (Ω, R ), ϕ∞ ≤ α ,
(3)
T V (u) = sup −
Ω

where Cc1 (Ω, R2 ) is the space of continuously diﬀerentiable functions with compact support in Ω. Note that this formulation also allows to overcome the nondiﬀerantiability of the T V norm. Besides its convexity, the main advantage of the
ROF model of the quadratic model is, that it allows for sharp discontinuities in
the solution. This is an important feature, since we assume to have sharp depth
discontinuities in our range images. However, due to the quadratic data term the
ROF model is still very sensitive to strong outliers (e.g. caused by occlusion) in
the observed range images.
2.3

T V -L1 Model

The T V -L1 model [10,7,11] is obtained from the ROF model by replacing the
L2 norm in the data term with the L1 norm.

 
K 

|∇u|dx +
|u − fl | dx .
(4)
min α
u

Ω

l=1

Ω

Due to the L1 norm in the data term, it turns out that the T V -L1 model is
much more eﬀective than the ROF model at removing strong outliers [7].
2.4

Huber Model

Although the T V -L1 model has the nice properties to preserve sharp discontinuities in the solution and to be robust against outliers, it has two problems:
First, it suﬀers from the so-called staircasing eﬀect - an eﬀect which describes the
formation of artiﬁcial discontinuities in the solution [12]. Second, the L1 norm is
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not the optimal choice for the expected noise. In real range images the observed
noise is the sum of Gaussian noise and outliers.
It turns out that the Huber norm helps in reducing the staircasing eﬀect and
also better reﬂects the noise model of real range images. The Huber norm [13]
is deﬁned as

|x|γ =

|x|2
2γ

|x| −

|x| ≤ γ
,
|x| > γ

if
if

γ
2

(5)

where γ is a free parameter that deﬁnes the threshold between quadratic and
L1 penalization. Using (5) for both the regularization term and the data term
in (4), we obtain the Huber model

 
K 

min α
|∇u|ε dx +
|u − fl |δ dx ,
u

Ω

l=1

(6)

Ω

where ε, end δ are the parameters of the respective Huber norms. Note that by
appropriate choices of ε and δ, the Huber model uniﬁes the quadratic model, the
ROF model and T V -L1 model into a single model. However, while the Huber
norm reduces the staircasing eﬀect to some extent, it still favors ﬂat solutions.
In the next section we will see that the incorporation of higher-order derivatives
plays a key role in obtaining a model which does not suﬀer from this problem.

3

Total Generalized Variation

In [8] Bredies, Kunisch and Pock proposed the mathematical model of total
generalized variation (T GV ). The main property of T GV regularization is that it
allows to reconstruct piecewise polynomial functions of arbitrary order (piecewise
constant, piecewise aﬃne, piecewise quadratic, ...) . As the T V regularizer, the
T GV regularizer has the nice property of being convex. This allows to compute
a globally optimal solution.
The T GV semi-norm of order k ≥ 1 with regularization parameters α =
(α0 , ..., αk−1 ) > 0 is deﬁned as
T GVkα (u) = sup


Ω

udiv k ϕdx : ϕ ∈ Cck (Ω, Symk (R2 )),
div l ϕ∞ ≤ αl , l = 0, .., k − 1



, (7)

where Cck (Ω, Symk (R2 )) denotes the space of continuously diﬀerentiable symmetric k-tensors with compact support in Ω. It is obvious that for k = 1, (7)
corresponds to the dual deﬁnition of the total variation semi-norm (3), i.e. T GV
is indeed a generalization of the T V regularizer. The deﬁnition of the total generalized variation restricts the function v to be in a complicated convex set. This
leads to computationally complex minimization algorithms [8]. Using Legendre
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- Fenchel duality, we can transform the dual problem (7) to a primal formulation [8]:
T GVkα (u)

=

k


inf

ul ∈Cck−l (Ω,Syml (R2 ))
l=1
l=1,...,k−1 , u0 =u , uk =0


αk−l

Ω

|E(ul−1 ) − ul |dx ,

(8)

where E(u) denotes the symmetrized gradient operator
E(u) =

∇u + ∇uT
.
2

Note that this representation has converted functional (7), which depends on
higher order derivatives to a functional of recursive expressions depending only
on ﬁrst order derivatives. Using this representation one can intuitively assess
how the total generalized variation is working. Before measuring the L1 norm of
the expression E(ul−1 ) a vector ﬁeld ul is subtracted which itself should have low
variation. That is, if low variations are present in some areas of ul−1 (e.g. smooth
gradients), the vector ﬁeld ul will cover these areas, and therefore will decrease
the L1 norm of E(ul−1 ) in these areas. Hence, T GVkα (u) automatically balances
the ﬁrst and higher order derivatives instead of using any ﬁxed combination.
For the application to range images from our habitat, it turns out that T GV
regularization of second order (k = 2) is suﬃcient since buildings can be well
approximated by piecewise planar surfaces.
3.1

The Proposed Model

We are now ready to state the proposed variational model for range image fusion.

 

K 

min α1
|∇u − v|dx + α0
|E(v)|dx +
|u − fl |δ dx .
(9)
u,v

Ω

Ω

l=1

Ω

This model combines T GV regularization of second order (8) with the Huber-L1
norm in the data term. Note that it signiﬁcantly diﬀers from the T GV 2 denosing
model proposed in [8], where a quadratic data term is used. Therefore we can not
make use of the minimization algorithm proposed in [8]. In addition, the original
algorithm used in [8] is quite slow, since it is based on the dual formulation (7)
which requires an additional inner loop to project onto a very complex set. The
algorithm we are going to describe in the next section is based on the primal
formulation (8) which does not require such an inner loop.

4

Numerical Algorithm

In order to implement an algorithm to minimize (9) on a digital computer, we
have to introduce the discrete version of (9).
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Discretization

We consider a regular Cartesian grid of size M × N :
Ω h = {(xi , yj ) = (ih, jh) : 1 ≤ i ≤ N, 1 ≤ j ≤ M } ,
where h denotes the size of the spacing and (i, j) denote the indices of the
discrete locations (ih, jh) ∈ Ω h . From now on, we will denote the quantities of
the discrete setting by the superscript h. Let U h = RMN and V h = R2MN be
ﬁnite dimensional vector spaces equipped with scalar products

ûh , ūh ∈ U h : ûh , ūh =
ûhi,j ūhi,j ,
i,j

v̂ h , v̄ h ∈ V h : v̂ h , v̄ h =



(v̂1h )i,j (v̄1h )i,j + (v̂2h )i,j (v̄2h )i,j .

i,j
h

h

h

Furthermore, let u ∈ U and v = (v1h , v2h ) ∈ V h be discrete versions of the
h T
unknown functions u and v in (9) and let f h = (f1h , . . . , fK
) ∈ RKMN , l =
1 . . . K be the discrete observations. For discretization of the gradient operator
∇h we use standard ﬁnite diﬀerences with Neumann boundary conditions
(∇h uh )i,j =
where
(δxh uh )i,j

⎧ h
h
⎨ ui+1,j − ui,j
=
h
⎩
0

if 0 < i < M
if i = M

(δxh uh )i,j
(δyh uh )i,j

, (δyh u)i,j

,

⎧ h
h
⎨ ui,j+1 − ui,j
=
h
⎩
0

if 0 < j < N
if j = N

,

are standard ﬁrst order ﬁnite diﬀerences. Similarly, the discrete variant of the
symmetriced gradient operator is deﬁned as
⎞
⎛
(δyh v1h )i,j + (δxh v2h )i,j
h h
(δx v1 )i,j
⎟
⎜
2
(10)
(E h v h )i,j = ⎝ h h
⎠ .
(δy v1 )i,j + (δxh v2h )i,j
h h
(δy v2 )i,j
2
The discrete variant of (9) can now be written as
⎧
⎫
K 
⎨
⎬

min α1 ∇h uh − v h 1 + α0 E h v h 1 +
|uhi,j − (flh )i,j |δ .
⎭
uh ,v h ⎩

(11)

l=1 i,j

This minimization problem poses a large scale non-smooth optimization problem.
Hence one can not expect that any black box solver will ﬁnd the solution in a
reasonable time. Instead we will make use of ﬁrst-order primal-dual algorithms
which have been shown to be a good choice for large-scale convex optimization
problems [14] in imaging.
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Primal-Dual Formulation

Let us rewrite minimization problem (11) as a convex-concave saddlepoint problem [14]. By applying the Legendre-Fenchel transform to (11) we obtain


K

δ
min max
uh − flh , rlh − rlh 2
∇h uh − v h , ph + E h v h , q h +
2
uh ,v h ph ,qh ,r h
l=1

subject to

ph ∞ ≤ α1 , q h ∞ ≤ α0 , rlh ∞ ≤ 1,

(12)

where ph , q h and rlh are the dual variables. The obvious advantage of the
primal-dual formulation (12) over the primal formulation (11) is, that the nondiﬀerentiable L1 terms have been transformed to linear terms with simple ball
constraints on the dual variables. Note that for clarity of the presentation, we
did not exploit the obvious symmetry in (10). In any practical implementation,
one can easily make use of the symmetry to reduce the memory footprint of the
algorithm.
4.3

Numerical Algorithm

Our algorithm is based on the ﬁrst-order primal-dual algorithm introduced in [14],
where also convergence of the algorithm is proven. Before we start to describe the
algorithm, let us deﬁne some useful quantities. The convex sets P h , Qh and Rh
are deﬁned as
P h = {ph ∈ R2MN : ph ∞ ≤ α1 } ,
Qh = {q h ∈ R4MN : q h ∞ ≤ α0 } ,
Rh = {rh ∈ RMN : rh ∞ ≤ 1} .
(13)
Furthermore, let the convex function
δ
F (rlh ) = IRh (rlh ) + rlh 2 ,
2

F (rlh )

be deﬁned as

0
if rlh ∈ Rh
IRh (rlh ) =
.
∞ else

The primal-dual algorithm is now as follows. We choose the primal and dual steps
widths τ > 0, σ > 0. We let (uh )0 ∈ U h , (v h )0 ∈ V h , (ph )0 ∈ P h , (q h )0 ∈ Qh and
(rlh )0 ∈ Rlh , l = 1, . . . , K. Furthermore we let (ūh )0 = (uh )0 and (v̄ h )0 = (v h )0 .
Then for any n ≥ 0 the iterations are given by
⎧


⎪
(ph )n+1 = PP h (ph )n + σ∇h (ūh )n
⎪
⎪
⎪


⎪
⎪
⎪
(q h )n+1 = PQh (q h )n + σE h (v̄ h )n
⎪
⎪
⎪


⎪
⎪
⎪(rlh )n+1 = (I + σ∂F )−1 (rlh )n + σ((ūh )n − flh ) , l = 1 . . . K
⎪
⎨


K
(14)
(uh )n+1 = (uh )n − τ (∇h )T (ph )n+1 + l=1 (rlh )n+1
⎪
⎪


⎪
⎪
(v h )n+1 = (v h )n − τ (E h )T (q h )n+1
⎪
⎪
⎪
⎪
⎪
⎪
(ūh )n+1 = 2(uh )n+1 − (uh )n
⎪
⎪
⎪
⎪
⎩(v̄ h )n+1 = 2(v h )n+1 − (v h )n
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The Euclidean projectors PP h (p̂h ) and PQh (q̂ h ) are given by


PP h (p̂h ) i,j =

p̂hi,j
,

max 1, p̂hi,j /α1



PQh (q̂ h ) i,j =

h
q̂i,j
.

h
max 1, q̂i,j
/α0

The solution of the resolvent operator (I + σ∂F )−1 (r̂lh ) is deﬁned through the
minimization problem
(I + σ∂F )−1 (r̂lh ) = arg min
ρh

ρh − r̂lh |2
+ F (ρh ) .
2σ

(15)

This problem poses a simple quadratic problem with pointwise ball constraints.
The solution of (15) is given by



(I + σ∂F )−1 (r̂lh ) i,j =

(r̂h )i,j /(1 + σδ)
.
 l h
max 1, (r̂l )i,j /(1 + σδ)

Note that the basic iterations of the algorithm are extremely simple. Indeed, the
main computational eﬀort of each iteration consists of computing the discrete
gradient operations which are resembled by matrix vector products with very
sparse matrices. The algorithm is therefore easy to implement and can eﬃciently
be accelerated on parallel hardware such as graphics processing units. Finally,
note that by using K = 1 and δ large enough our model reduces to a T GV 2
model with quadratic data term and only one input image. Hence, the proposed
primal-dual algorithm can be used to eﬃciently minimize the original T GV 2 based denoising model of [8].

5

Results

In this section we present experimental results for the proposed T GV 2 -based
range image fusion model. The robustness of the method is evaluated on synthetic data and its practical applicability is justiﬁed by applying the proposed
method to a large scale city dataset.
5.1

Synthetic Data

In our ﬁrst experiment we apply the proposed fusion model to synthetically
generated data to study the eﬀects of noise and in particular the impact of redundancy. The synthetic dataset consists of an idealized building block with roof
shapes, fairly common in urban environments. On the left hand side there is a
gabled roof, whereas on the right hand side a hip roof is modeled. The dynamic
range of this synthetic signal is [50, 200], in the experiments this signal is sampled
on a regular grid of 256 × 256 pixels. Real world range images usually contain
a small amount of additive noise but contain a large number of gross outliers.
In order to simulate this noise characteristics we use the following procedure to
generate the degraded images. First, we add zero mean Gaussian noise with a
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(a)

(b)

(c)

Fig. 1. Illustration of the synthetic dataset used to evaluate the performance of the
proposed T GV 2 -based fusion model. Image (a) depicts the ground truth, (b) and (c)
show degraded observations samples by adding Gaussian noise of σ = 10 and 10% and
50% outliers, respectively.
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Fig. 2. Signal-to-noise ratio (SNR) for diﬀerent degrees of degradation and a diﬀerent
number of observations. While for all methods the SNR increases with an increasing
number of observations, the proposed T GV 2 model performs best in all situations.

standard deviation of 10. Second, a certain amount of pixel groups with variable sizes are replaced with outliers having an oﬀset of ±50. Fig. 1 shows the
ground truth range image and the degraded versions with an increasing number
of outliers. Fig. 3 (a) shows a 3D rendering of the ground truth range image.
We compared our method against three methods: The ﬁrst two methods are
two very simple methods - computing the point-wise average and computing the
point-wise median. The third method is the Huber model (6) which serves as the
baseline model. For minimization of the Huber model we use an adapted version
of the proposed primal-dual algorithm (14). For each method and experiment,
we determined the optimal parameter settings. Note that for the Huber model,
this implies that also the quadratic, ROF and T V -L1 models are included in the
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(a) Ground truth

(b) Input image

(c) Average

(d) Median

(e) Huber

(f) T GV 2
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Fig. 3. 3D renderings of an experiment with 10% outliers and 5 observations. The
proposed T GV 2 -based fusion model signiﬁcantly outperforms the Huber model. It very
well captures the piecewise aﬃne nature of the 3D model and hence leads to a natural
reconstruction of the 3D building. Also note that the simple methods (Average and
Median) completely fail to reconstruct the 3D building.

parameter optimization. Performance of each method is evaluated with respect
to both the degree of noise and the number of observations.
Fig. (2) shows the results of the performance evaluation. For evaluation purpose, we computed the signal-to-noise ratio (SNR)
! h !2
!g !
SN R = 10 log10
2 ,
uh − g h 
between the ground truth image g h and the solution of the method uh . Note
that the proposed T GV 2 model performs best in all situations. Interestingly, the
advantage of the T GV 2 model over the Huber model increases with an increasing
number of observations. From Fig. 3, one can further see that the T GV 2 model
captures the piecewise aﬃne nature of the synthetic 3D building very well. On
the other hand, the Huber model inherently imposes a bias towards piecewise
constant solutions and hence exhibit small staircases on the roof.
5.2

Real Data

In our second experiment we apply the proposed T GV 2 model to a large realworld dataset of Graz The data set consist of 155 aerial images each of 11500 ×
7500 pixels covering an area of 7.6 km2 . The images have an average along-strip
overlap of 85% and across-strip overlap of 65% at a ground sampling distance of
8 cm which amounts to about twenty observations per ground pixel on average.
The input range images were produced by applying a state-of-the-art dense image
matching algorithm based on scanline optimization and backmatching similar
to [15]. For each image a pixel-synchronous range image is computed by stereo
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Church

Hall

Fig. 4. Large aerial data set of Graz (a) shows a sparse reconstruction together with
the camera positions. (b) shows the ﬁnal digital surface model. The black circles mark
two buildings for which detailed views are presented in Fig. 6 and Fig. 5.

(a)

(b)

(c)

(d)

Fig. 5. Hall: (a) shows one input image, (b) shows one corresponding range image
(black pixels denote invalid ranges), (c) shows the result of range image fusion using
the Huber model and (d) shows the result using the T GV 2 model

matching of two adjacent images. See Fig. 6 (a)-(b) and Fig. 5 (a)-(b) for some
sample images. The range images are then converted into a point cloud, which
is projected onto the ground plane, thus giving multiple observations per pixel
on the ground. Fig. 4 (a) shows a sparse reconstruction of the city together with
the regular pattern, the images have been taken from the plane.

TGV-Fusion

(a)

(b)

(c)

(d)
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Fig. 6. Church: (a) shows one input image, (b) shows one corresponding range image
(black pixels denote invalid ranges), (c) shows the result of range image fusion using
the Huber model and (d) shows the result using the T GV 2 model

We applied the proposed T GV 2 -based range image fusion method to compute
one single digital surface model (DSM ) out of the range images. Clearly, the
complete data does not ﬁt the memory of any graphics card. Thus we divided
the complete image domain into 282 tiles each of 2048 × 2048 pixels and applied
the algorithm to each of the tiles. In order to eliminate boundary eﬀects we used
a suﬃciently large overlap between the tiles. Thanks to a GPU-implementation
of the primal-dual algorithm and a workstation equipped with 4 Nvidia Tesla
GPUs, we were able to process 4 tiles at once. The overall processing time for
the city data set was about 45 minutes for the stereo matching and 18 minutes
for the fusion.
Fig. 4 (b) depicts the ﬁnal DSM model. The black circles mark two interesting
buildings, for which we provide detailed 3D renderings. Fig. 5 shows a large
hall with a roof that consist of a regular pattern of planes. Note that due to
reﬂections, the range images are very sparse in these areas. The proposed T GV 2
model leads to much smoother results and keeps the details of the 3D building.
Fig. 6 shows a detailed 3D view of a church with very steep roofs. One can
see that the T GV 2 model leads to much smoother results while keeping the
important details in the reconstruction. On the other hand, the Huber model
exhibits strong staircasing on slanted surfaces such as the roof.
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Conclusion

In this paper we proposed a convex variational approach for the fusion of several range images to a single high quality digital surface model. The variational
model is based on total generalized variation regularization of second order and a
robust Huber-L1 data term. For minimization we proposed an simple ﬁrst-order
primal-dual algorithm, which can be eﬃciently parallelized on graphics processing units. In experimental results on synthetic data we showed the robustness
of the method against noise and - most importantly - showed that the method
eﬃciently exploits redundancy in the data. Results on real data, showed that
the proposed method can be applied to large scale data sets. Future work will
concentrate on studying total generalized variation of an order larger than two.
The proposed solution is another step towards realistic 3D models of our habitat.
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