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Abstract

Techniques that jointly perform dense 3D reconstruc-
tion and semantic segmentation have recently shown very
promising results. One major restriction so far is that they
can often only handle a very low number of semantic la-
bels. This is mostly due to their high memory consumption
caused by the necessity to store indicator variables for ev-
ery label and transition. We propose a way to reduce the
memory consumption of existing methods. Our approach
is based on the observation that many semantic labels are
only present at very localized positions in the scene, such as
cars. Therefore this label does not need to be active at every
location. We exploit this observation by dividing the scene
into blocks in which generally only a subset of labels is ac-
tive. By determining early on in the reconstruction process
which labels need to be active in which block the memory
consumption can be significantly reduced. In order to re-
cover from mistakes we propose to update the set of active
labels during the iterative optimization procedure based on
the current solution. We also propose a way to initialize the
set of active labels using a boosted classifier. In our exper-
imental evaluation we show the reduction of memory usage
quantitatively. Eventually, we show results of joint semantic
3D reconstruction and semantic segmentation with signifi-
cantly more labels than previous approaches were able to
handle.

1. Introduction

Combining dense 3D reconstruction and semantic seg-
mentation, two of the core tasks in computer vision, is a
recent idea that is receiving more and more attention. Per-
forming these tasks jointly leads to improvements for both
of them. Knowing the semantic class of an object gives
prior evidence about its shape. Inversely, having access to

(a) Full scene (b) Close-up

Figure 1. A top view of a sequence from the KITTI data set and a
close-up of the indicated region.

the shape and location of an object helps refining the seg-
mentation. Moreover, it leads to a more complete represen-
tation of the scene by combining geometric and semantic
information.

Volumetric methods provide a natural framework for se-
mantic 3D reconstruction [10]. Besides determining if a
voxel is in the free or occupied space, we need to determine
the semantic class of the object in the latter case, i.e. the
binary labeling problem that is usually considered in volu-
metric methods for dense reconstruction becomes a multi-
labeling problem. One label corresponds to free space and
the others to specific semantic categories such as building
or ground.

If we represent the scene as a voxel grid where all vox-
els have equal size, as in [10], we need to store an indicator
variable for every label at every voxel. The main difficulty
when going towards many labels that rapidly emerges is the
scalability in terms of number of labels: the more labels we
consider in the scene, the more memory is needed to store
the corresponding variables. This is especially problematic
as we do not only need to store indicator variables for every
label at every voxel, but we also need to store indicator vari-
ables for the transitions between the different labels, leading
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Figure 2. 2D illustration of our voxel block approach. Only a sub-
set of the labels is present per voxel block.

to a quadratic complexity in the number of labels. A way
to reduce memory consumption is by using an octree rep-
resentation as in [1]. However, they only propose a way to
scale the spacial extent of the scene but not the number of
labels used, and hence they only use up to 6 labels.

Instead of having all the potential labels active at ev-
ery possible position in the scene, we propose to divide the
scene into blocks in which only a set of relevant labels is
active. An illustration of this is given in Fig. 2. The moti-
vation behind this is that for many semantic classes it can
be determined early on that they are not present in a spe-
cific block. If we have no evidence of the presence of a
car within a block we can deactivate this label right from
the beginning of the numerical optimization. Compared to
the standard approach where we would try to directly re-
construct the shape of the non-present car this leads to a
much more efficient processing. It especially tackles our
main goal of reducing the quadratic complexity in the num-
ber of labels which is present in [10]. Our approach is not
limited to this specific method but could be adapted to other
semantic 3D reconstruction methods.

By determining early on in the reconstruction procedure
where the semantic labels are located, and hence which la-
bels are needed in which blocks, we improve the perfor-
mance and memory consumption significantly. Therefore,
before starting the joint semantic segmentation and 3D re-
construction process, we initialize the blocks such that only
a set of relevant labels is activated. We present a method us-
ing boosted classifiers on the input data. This initialization
does not always give perfect results: in a given block, some
labels might be missed, or due to noise, labels might be
activated which are not present. Therefore, we propose to
include updates of the active labels within the blocks during
the iterative optimization procedure which is utilized for the
reconstruction process. This further reduces the resource
usage as we quickly deactivate labels which are not present
and hence do not need to update their variables any more in
the iterative optimization. We show extensive evaluations
on the KITTI dataset [6].

The rest of the paper is organized as follows. Section 2
gives a brief overview of existing work in the domain of
semantic 3D reconstruction. In Section 3 we review the
method of [10] which we use as a base framework. Our

proposed block approach is detailed in Section 4. Finally,
we present an experimental evaluation in Section 5.

2. Related Work
Two major computational difficulties arise when dealing

with semantic 3D reconstruction: scalability in the spatial
extent of the scene, and scalability in the number of labels.

Standard volumetric 3D reconstruction without any se-
mantics has been explored extensively in computer vision
[4, 12, 20, 27]. This led to a variety of methods for dealing
with the spatial scalability. It is possible for instance to use
a data adaptive discretization of the space in form of a De-
launay triangulation [15], an octree data structure to store
the geometry [18] or voxel hashing [21]. A hashing based
method combined with regularized depth maps from com-
putational stereo, is used for dense street reconstruction in
[24].

When using semantic information to enrich the models
the problem of scalability in the number of labels is an ad-
ditional problem that needs to be tackled. The links between
semantic and 3D have gained a lot of attention over the last
years [2], and effort has been put into fusing both types of
information. Most methods choose to map 2D image seg-
mentation to an existing 3D model [25, 23, 26]. [26] com-
bined such an approach with voxel hashing, thus achieving
large scale reconstruction.

Another option is to combine geometry and semantics
by jointly estimating a depth map and semantic segmenta-
tion [17, 8]. Related to semantic are also the similarities
of objects in a scene, which can give cues to improve the
reconstruction. For instance in [30], repetitive patterns of
urban scenes are used in order to detect and exploit object
similarities, such as houses, thus leading to an overall better
3D model.

True joint volumetric 3D reconstruction and semantic
segmentation was introduced in [10]. While [10] densely
labels the volume into semantic classes, [13] only labels
the surface voxels into semantic classes. The presence of
a dense semantic labeling of the volume becomes apparent
when looking at hidden, unobserved surfaces. The road can
continue underneath a car or the building facade behind the
vegetation even though these surfaces have not been vis-
ible in the input data. [14] solves a volumetric labeling
problem using a conditional random field (CRF) formula-
tion with image data from a single monocular camera which
is mounted on a driving car.

One of the key components in [10] is the use of semantic
class dependent surface area penalization as a regularization
term. The utilized energy formulation [28], is originating
in the spatially continuous, variational, setting. It is there-
fore not affected by metrication artifacts which are common
in discrete graph-based formulations [19]. As mentioned
above one of the key benefits is that all the hidden tran-



sitions are modeled and hence can have their specific pri-
ors on the surface direction. Unfortunately, this comes with
the high price of having a quadratic number of variables in
the number of labels per voxel in the optimization problem.
Therefore, the major limitation of this approach is scalabil-
ity, in terms of size of the scenes and in terms of number of
different semantic labels.

Scaling up the work of [10] in terms of spatial extent is
made more difficult by the fact that hidden surfaces need
to be reconstructed, which are not handled by a traditional
octree and voxel hashing data structure. Recently, [1] pro-
posed to use an adaptive octree data structure with coarse-
to-fine optimization to apply [10] on large scale scenes.
However, the scalability in terms of number of labels re-
mains an open problem for which we propose a solution in
this work.

2.1. Contributions

Our contribution is in summary a method which im-
proves the scalability of semantic 3D reconstruction in
terms of the number of labels. In particular we make the
following individual contributions:

• A framework that divides the scene into blocks and
which takes advantage of its sparseness in terms of lo-
cation of the different semantic labels.

• A method to initialize the blocks, i.e. determining the
set of labels that are active in each block based on the
input data.

• A method for updating the set of active labels in each
block during the iterative optimization of the energy.

3. Semantic 3D Reconstruction
In this section we state the formulation of the semantic

3D reconstruction problem of [10] and analyze its benefits
and memory consumption. We will use this formulation for
our new block framework in the subsequent section.

3.1. Energy Formulation

We recall that the semantic 3D reconstruction problem is
casted in a volumetric framework. It is thus formulated as a
multi-labeling problem in a volumetric domain. We use the
formulation of [10], which is stated as a discretized version
of a spatially continuous energy formulation. The energy
allows for non-metric and anisotropic surface area penal-
ization. More details about the derivation of the energy can
be found in [28]. In the following we summarize the parts
relevant for the understanding of the manuscript.

We denote Ω the discrete volumetric lattice correspond-
ing to the scene, and s the voxel positions. We consider
L + 1 labels with 0 indicating free space and the rest in-
dicating occupied space with specific semantic categories.

For each label i ∈ {0, . . . , L} we introduce an indicator
variable xis ∈ [0, 1], with the meaning xis = 1 indicates that
label i is assigned to voxel s. Formulating the labeling as
an energy minimization problem we can write:

E (x) =
∑
s∈Ω

∑
i

ρisx
i
s +

∑
i,j : i<j

φij
(
xijs − xjis

) (1)

subject to the following marginalization, normalization and
non-negativity constraints

xis =
∑
j

(xijs )k, xis =
∑
j

(xjis−ek)k (k ∈ {1, 2, 3})

∑
i

xis = 1, xis ≥ 0, xijs ≥ 0 (2)

where ek ∈ R3 is the kth canonical 3D unit vector. The
xijs ∈ [0, 1]3 encode the transition between classes i and j,
where xijs − xjis ∈ [−1, 1]3 is the transition gradient which
is aligned with the local surface orientation between i and
j at voxel s. We also introduced the data cost ρis for label
i at voxel s, which is built upon evidence from depth maps
and pixel-wise semantic classification scores for the input
images. Finally φij : R3 → R+

0 is a convex positively 1-
homogeneous transition-dependent anisotropic surface area
penalization function [10, 28, 5]. It encodes the predomi-
nant directions of semantic classes by assigning costs to la-
bel transitions based on the involved labels and the surface
direction, e.g. a building should have vertical walls, while
the ground is mostly flat and horizontal.

3.2. Data Cost

In this section we briefly review the way the data term ρis
is defined. The explanation closely follows [10].

The data term is defined through the input depth maps
and the pixel-wise semantic classifier scores. It describes
the local per voxel cost for assigning label i to voxel s. The
construction is cumulative, the information from all input
images is added up per voxel. Each voxel s is projected to
each input view. For the rest of this section we will consider
one such line-of-sight which goes through pixel p in one of
the input image I . The data cost which is added to voxel
s for image I depends on the position of the voxel on the
line-of-sight. Looking at the depth map of I two cases can
occur: the depth at p is either observed or unobserved

Observed Depth Assume a depth d̂ is observed at pixel p.
This means that the surface of an object is very likely to be
at depth d̂. We define an interval of length 2δ around d̂ on
the viewing ray where the data cost is such that for a voxel
along the ray at a depth d ∈

[
d̂− δ; d̂+ δ

]
:



Figure 3. Different data costs which are assigned to voxels along a
viewing ray for a observed depth d̂.

ρid+δ = σi ρid =

{
0 if i = 0

β · sign
(
d̂− d

)
if i 6= 0

(3)

where the cost σi depends on the classifications scores: σi
is low if label i is likely. This cost corresponds to an ex-
ponentially distributed noise assumption on the inlier depth
values. Figure 3 illustrates this data cost along a viewing
ray. The observed depth does not only provide information
around the observed depth. Observing a surface at some
distance from the camera in theory also implies that we see
free space along the whole line-of-sight. However, adding
the weight for free space along the whole line-of-sight is not
robust against outliers. Therefore, to not completely discard
this information but still be robust against outliers we use it
with a much lower weight, i.e. γ � β. In practice this helps
to speed up convergence.

Unobserved Depth In this case we have no information
about the depth of the potentially visible object at this pixel.
However, if we have a strong indication that sky is the se-
mantic class of that pixel we get an indication that the whole
ray should be free space. Therefore we define a cost that
simply favors the class free space over all the others if sky
is the class that obtained the best, i.e. lowest score. If sky
is not the most likely label we do not use the evidence from
this pixel.

ρ0
s = min

{
0, σ0 −min

i 6=0
σi

}
(4)

3.3. Benefits of Semantic 3D Reconstruction

As mentioned in section 2, there are currently two ways
to acquire semantically annotated 3D reconstructions. The
first way is to project the 2D labels on the reconstructed vol-
ume [26, 25, 23]. In this approach, the semantic informa-
tion is not used to improve the 3D reconstruction but rather
to augment the model using more information. The second
way, the “volumetric semantic 3D reconstruction” is to use
volumetric techniques [10] not only to represent the geom-
etry, but also the semantic information. Such methods fa-
cilitate a much more complete understanding of the scene,
e.g. hidden surfaces can be reconstructed. For instance, if

(a) Full scene (b) Without cars

Figure 4. Volumetric semantic reconstruction allows to easily re-
move objects in a scene, such as the three cars in this example.

a street is reconstructed on which there are many cars, they
could be removed, revealing the street underneath the cars
which has not been observed (see Fig. 4).

Another benefit is that it allows us to introduce differ-
ent priors on the boundary surfaces between the different
semantic labels. Hence, it enables the reconstruction to be
completed even if there is not much data support. An ex-
ample of such a shape prior is a smoothness function that
favors building to be connected to ground rather than float-
ing in the air.

3.4. Memory Consumption

The major limitation of the formulation using (1) is its
high memory consumption which prevents the reconstruc-
tion of scenes with many different semantic labels. This is
mostly due to the nature of the indicator variables which
imply that a variable is stored for every label at every voxel
and moreover a quadratic amount of variables in the num-
ber of labels per voxel for the transitions. Methods based
on an octree representation [1] provide a first solution for
reducing the memory consumption by tackling the scalabil-
ity in terms of size of the scene. However, they do not deal
with the problem of scalability with respect to the number
of labels. To give an idea of the problem of memory con-
sumption, imagine a scene with L + 1 different semantic
labels. Then the required memory consumption to compute
a minimizer of energy (1) is linear O (L) for the data term
and quadraticO

(
L2
)

for the regularizer. In the next section
we propose an approach for reducing the amount of mem-
ory needed by discarding unneeded variables right from the
beginning.

4. Dividing the Scene: the Blocks Approach

In this section we introduce a new approach for solving
the semantic 3D reconstruction which reduces the memory
consumption. We recall that our goal is to reduce mem-
ory consumption related to the number of labels, in order
to allow for scalability. The main idea of our approach is
to subdivide our scene into blocks, with each block allow-
ing a set of relevant labels instead of all labels. It is thus
necessary to first initialize these blocks, which we define as



determining the sets that are allowed in each block. Since
this initialization is not expected to be without errors, we
also introduce criteria for updating the blocks by either re-
moving highly unlikely labels or allowing labels that were
missing from the initial relevant set. The rest of this section
details every part of our framework.

4.1. Energy in the Blocks Framework

As in section 3.1 we focus on the reconstruction of a
scene Ω with L different classes of objects. We now di-
vide the scene into NB disjoint blocks, i.e. ∀Bi 6= Bj ∈
{0, . . . , NB−1} : Bi∩Bj = ∅ and ∪iBi = Ω. We choose
a regular division of the scene. For each block Bk with
k ∈ {0, . . . , NB − 1} we introduce an indicator function.

1Bk
: {0, . . . , L} → {0, 1} (5)

i 7→
{

1 if i ∈ Bk
0 else

This indicator function is used to encode whether a label i
is activated in block B. We can now rewrite equation (1).

E =
∑
k

∑
i

1Bk
(i)

[∑
s∈Bk

ρisx
i
s+

∑
j : i<j

1Bk
(j)
[
φij
(
xijs − xjis

)] (6)

where the constraints remain the same.

4.2. Initialization of the Blocks

After defining a division of the scene into blocks we need
to initialize the correct block indicator function. We pro-
pose to train a classifier for non free space semantic labels
in order to detect possible locations of corresponding ob-
jects based on evidence from the data cost.

We define a bounding box F for every non free space
semantic label. When the box is placed in Ω it is associated
with a feature vector f of size L + 1 such that for all i ∈
{0, . . . , L}, fi =

∑
s∈F ρ

i
s.

Since we are evaluating our framework on the KITTI
dataset, we can use a fraction of one of the sequences for
training. For every object class we extract a training set
(around 15 positive samples and 30 negative samples) and
then train boosted classifiers on these sets. The classifiers
are trained using the Darwin Library [7] (version 1.9).

At the initialization phase we use a sliding box approach
to determine the position of objects belonging to the cor-
responding class. The box is moved through the scene as a
sliding box and at each position a feature vector is extracted.
This feature vector is then evaluated with the classifier. If

the object is detected, it is activated in the blocks which
contain the sliding box.

This initialization step is subject to limitations. There
might be misdetections in the initialization phase, i.e. a
label could be activated which is not present in the block.
Similarly, a semantic label might be not detected in a block
in which it should be activated due to occlusion for instance.
At initialization it is important that a sufficient number of la-
bels are activated in blocks, in order to avoid getting too far
from the original problem. Therefore we train our classifier
and tune the parameters in such a way that recall is favored
over precision, hence ensuring label sufficiency.

4.3. Updating the Blocks

We want the block to have the ability to make their set of
activated labels evolve during the optimization in order to
counter the limitations of the initialization and to take into
account information from the optimization.

If we tune the parameters during the training step to fa-
vor recall over precision, two failure cases may occur. In the
first case a class is activated in a block which is not needed,
and therefore can be deactivated in the block. In the sec-
ond case an object of a certain class tries to propagate from
one block to another in which it is deactivated. In such a
case the class needs to be activated. For instance a build-
ing in the scene could be placed across the border between
two blocks, but the class building was removed from one of
these blocks.

Deactivating Classes In the case of a class that was acti-
vated by mistake, we expect that after some iterations of the
optimization, the evidence that corresponding objects can-
not be reconstructed in the block is strong. Consider a block
B in which a label i is activated. To evaluate this evidence,
we introduce a new indicator function.

1i : Ω→ {0, 1} (7)

s 7→
{

1 if arg maxj∈{0,...,L} x
j
s = i

0 else (8)

for all i ∈ {0, . . . , L}. It indicates whether label i is the
most likely label to be assigned to voxel i. We can then use
a threshold τdisable such that:

•
∑
s∈B 1i(s) ≤ τdisable: label i should be deactivated

in block B

•
∑
s∈B 1i(s) > τdisable: label i should not be deacti-

vated in block B

In practice we found that it is better to choose a rather con-
servative model, with τdisable = 0, such that a label is de-
activated from the block only if there is no evidence for a
label occurrence in the block.



Figure 5. Enabling a new label in a block: a car present in the left
block is being reconstructed close to the border. However, there is
strong evidence that it should be, as shown by the light purple car.
It can be detected by looking at the voxels in the light purple band.

Activating Classes We consider a block Bk in which a
label i is deactivated, and one of its neighbors in the six-
neighborhood, which we will denote Bk+1 and in which it
is activated. Our assumption is that if an object labeled i
is being reconstructed close to the block border, there are
good chances that this object might be also reconstructed in
Bk. We therefore want to activate it in Bk.

In order to determine if such a situation occurs, we focus
on the first layers of voxels, typically 3 or 4 layers of vox-
els, inBk+1 which are next to the boundary betweenBk and
Bk+1, which we denote Dk←k+1 (see Fig. 5 for an illustra-
tion). The reason why we need to consider multiple layers
of voxels instead of focusing only on the boundary voxels,
is due to the boundary conditions. As explained later in
section 4.4, we use Neumann boundary conditions between
blocks which do not share some label, for instance label i.
The boundary conditions can lead to a global solution which
introduces a layer of free space between the object labeled
i and the boundary, hence the need to look a little further
away. We then introduce a threshold τenable such that:

•
∑
s∈Dk←k+1

xis ≤ τenable: label i should not be acti-
vated in block Bk

•
∑
s∈Dk←k+1

xis > τenable: label i should be activated
in block Bk

The selection of τdisable depends on the resolution of the
scene.

4.4. Optimization

We use the primal-dual algorithm [3] to optimize the en-
ergy. Lagrange multipliers are introduced for the constraints
and the regularization term is written in the primal-dual
saddle-point form (c.f. [10, 28]). The blocks approach does
not affect the optimization much. Instead of having primal
and dual variables for every label in every voxel, we only
have variables for the active labels of the blocks in which
the voxel is placed.

The specific case that needs to be discussed is the case
when the set of activated labels in a block is updated. In

Reserved Memory (Gb) Gain (%)
Reference 5.16 (16.4%) 0%

Less Transitions 3.91 (12.5%) 24.2%
Blocks 1.825 (5.8%) 64.5%

Table 1. Overview of memory consumption for different ap-
proaches showing the benefits of removing classes and transitions.

this case, both primal and dual variables are either added or
removed, and the optimization problem thus changes. We
tackle this situation by reinitializing the problem using the
following rules:

• All variables corresponding to labels that are already
present keep their old values

• Newly added variables are initialized to 0

5. Experiments
We begin by quantitatively evaluating our approach on a

small dataset to illustrate the method and show the gain in
memory and speed of convergence. We then show that our
block approach can handle more labels than presented in
previous joint volumetric reconstruction and semantic seg-
mentation formulations.

5.1. Quantitative Evaluation

The dataset consist of a sequence of 164 images of the
facade of a building. We obtained the camera poses using a
publicly available structure from motion pipeline [29], and
the depth maps are obtained using the publicly available
plane sweep stereo matching implementation [9] with zero
mean normalized cross correlation and subsequent semi-
global matching on the cost volume [11]. The 2D semantic
segmentations were computed using the Automatic Label-
ing Environment [16].

Fig. 6 shows an example of input data for our semantic
3D reconstruction next to the resulting scene. The scene is
composed of 9 labels, which are sky, ground, building, win-
dow, vegetation, tree trunk, car, clutter, and fence. In order
to show the benefits of our method, we compare it to the
method in [10], and also to a modified version of the latter
in which some transitions are not allowed. We pointed out
that memory consumption is in the order of O

(
L2
)
, where

L is the number of semantic labels, due to the necessity to
store indicator variables for the transitions between objects
of different semantics. A good way to reduce memory con-
sumption is to remove very unlikely transitions such as a
transition between car and building.

Table 1 shows the gain in memory. We use a regular di-
vision of the scene into 8 blocks. In comparison to the ref-
erence reconstruction of [10], we observe that we reduced
the memory consumption by a factor of almost 3. We also



(a) Input Image (b) Semantic Segmentation (c) Depth Map

(d) Baseline Reconstruction (e) Reconstruction with Blocks

Figure 6. Example scene with 9 labels demonstrating that the deactivation of labels in individual blocks leads to similar reconstruction
results as for the baseline approach which uses all labels everywhere.

Figure 7. Comparison of the speed of convergence of the semantic
3D reconstruction for the 3 approaches.

observe that our method is more efficient than the basic ap-
proach of removing only very unlikely transitions.

We also compared the speed of convergence of the three
methods, using the primal-dual gap as a measure of conver-
gence. The results are shown in Fig. 7. We observe that
our approach decreases faster at the beginning of the opti-
mization, though final convergence is reached with the same

Average Memory (Gb) Gain
Reference 30.9 0%

Blocks 10.9 67.6%

Table 2. Memory consumption of our block approach in compari-
son to baseline method.

number of iterations. Note that often a good 3D model is
obtained before full convergence.

5.2. Results on a Large Dataset

We used our method to apply semantic 3D reconstruction
to a sequence of the KITTI dataset [6]. We reconstructed
a long sequence of the urban environment by dividing the
sequence into smaller stretches that were independently re-
constructed and then put together to form the street. The
overlap region between the stretches varied between 20%
and 25%. Fig. 1 shows a top view of the reconstructed se-
quence and a close-up on one of the stretches. Fig. 8 shows
more close-ups together with the corresponding input data.

We used stretches of resolution 320 × 240 × 160, for 9
labels. The speed of convergence is comparable with that of
[10], however we observed gains in memory consumption
as shown in Table 2. We used a division into 10 × 5 × 10
blocks.

We reduced the memory consumption by approximately
a third on such stretches. The differences to the model ob-



(a) Input Image (b) Semantic Segmentation (c) Depth Map (d) Reconstruction

Figure 8. This figure shows further results and corresponding inputs for the KITTI dataset.

(a) Block model (b) Full model

Figure 9. Comparison of the semantic reconstruction of a portion
of a street with and without the blocks framework.

(a) Block model (b) Full model

Figure 10. Comparison of reconstructions obtained with our
method (left) and the method of [10] (right): the apparent differ-
ence occurs because of a very weak data term.

tained with the method of [10] are minimal as can be seen in
Fig. 9. The main difference comes from a small bush that is
labeled as building in the blocks approach. This is due to an
error in the initialization of the blocks. However, the main
structure of the scene is the same, and little loss is observed.

In certain cases we observed apparent differences be-
tween our model and the full model as illustrated in Fig.
10. As we can see there is an apparent difference above the
building. There is an ambiguity in this region between veg-
etation and building. The reason is obvious when we look
at the input pictures in Fig. 6(a), we see the street from one

direction. The top of the building is sometimes hidden by
trees, and therefore there is not much observed data. Since
there is no strong data observed, the reconstruction mostly
stems from regularization. What happens in the full model
is that the vegetation propagates in the full model which is
not the case for the block model. In the block model the
vegetation label is deactivated on top of the house, thus fa-
voring propagation of the building over vegetation.

6. Conclusion

We introduced a framework for reducing the memory
consumption of semantic 3D reconstruction methods. Our
approach allows for better scalability in the number of la-
bels. By taking advantage of the fact that all semantic labels
are not needed everywhere in the scene, we propose to di-
vide the scene into blocks, in which only relevant labels are
active. The set of active labels in each block is initialized
and can evolve during the optimization of the 3D model. We
further showed that our method yields a significant gain in
memory compared to other volumetric methods [10], hence
allowing for better scalability in the number of the labels.

While we increased the number of labels already in this
work we plan to further increase the number of classes by
applying the method to scenes which yield a larger diversity
of semantic classes. The method is currently dependent on
initialization and update of the set of labels in every blocks.
Better initialization should lead to less updates and hence
faster convergence for the models.

Another line of research is to combine our block ap-
proach with the method of [1] to allow for spatially larger
scenes with many labels. Using a data term defined as ray
potential could further improve the quality of the recon-
structions [22].

Acknowledgement We gratefully acknowledge partial
funding by the Swiss National Science Foundation project
no. 157101 on 3D image understanding for urban scenes.



References
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[30] C. Zhou, F. Güney, Y. Wang, and A. Geiger. Exploiting Ob-
ject Similarity in 3d Reconstruction. In 2015 IEEE Interna-
tional Conference on Computer Vision (ICCV), pages 2201–
2209, Dec. 2015. 2


