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Abstract

Decomposing 3D building models into architectural elements is an essential step in understanding their 3D structure.
Although we focus on landmark buildings, our approach generalizes to arbitrary 3D objects. We formulate the de-
composition as a multi-label optimization that identifies individual elements of a landmark. This allows our system to
cope with noisy, incomplete, outlier-contaminated 3D point clouds. We detect four types of structural cues, namely
dominant mirror symmetries, rotational symmetries, shape primitives, and polylines capturing free-form shapes of the
landmark not explained by symmetry. Our novel method combine these cues enables modeling the variability present in
complex 3D models, and robustly decomposing them into architectural structural elements. Our proposed architectural
decomposition facilitates significant 3D model compression and shape-specific modeling.
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1. Introduction

Modeling our environment is a common strive in pho-
togrammetry, computer vision and graphics. 3D modeling
from imagery has been going through a great evolution
over the past decades, maturing methods like incremental5

Structure-from-Motion (SfM) [1, 2, 3], Internet-scale point
cloud reconstruction from imagery [4], high-accuracy de-
tailed surface reconstructions via dense Multi-View Stereo
(MVS) [5, 6], and ach ieved success in procedural model-
ing of facades [7, 8]. LiDAR is an alternative dominant10

technology to obtain point clouds of urban scenes [9].
In this work, we tackle the abstraction and under-

standing of 3D point clouds delivered by such state-of-
the-art technologies. Planar priors [10, 11, 12, 13], or a
Manhattan-world assumption [14] proved to be enough for15

many man-made structures. However, for a large mass of
buildings, especially landmark architecture or general ob-
jects, a simple shape primitive abstraction will not suffice.
Instead, we propose to decompose a 3D reconstruction by
exploiting symmetries within the model. Such a decompo-20

sition is a first step towards understanding and compactly
modeling the architectural elements of a landmark.

Our method is based on weak architectural priors that
naturally hold for a majority of buildings, namely mir-
ror symmetries, rotational symmetries and wall verticality.25

The method starts with a semi-dense 3D point cloud that
may be contaminated by noise and gross outliers, and may
be highly inhomogeneous. Structure-from-Motion (SfM)
point clouds often suffer from such contamination. We
show how to robustly detect structural cues, more pre-30

cisely, axis directions of dominant mirror symmetries, the
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Figure 1: Our method segments a point cloud of a landmark building
into coherent architectural structural elements, such as walls, towers
based on structural cues. The noisy points that do not belong to any
component get a random assignment.

pivot of rotational symmetries, shape primitives, and free-
form parts that are not explained by the symmetries. These
cues provide a strong guidance for extracting dominant
and semantically meaningful components of a model, such35

as a wall, a tower, an arch, etc., as illustrated in Figure 1.
We refer to these components as architectural structural
elements (ASE) throughout this work. We formulate the
decomposition problem as an energy-driven, multi-label
point cloud segmentation. Our contributions:40

• a model that combines symmetries and free-form
polylines for decomposing a point cloud into ASEs,

• methods for detecting structural cues (dominant mir-
ror symmetries and bodies of rotation, as well as
residual free-form parts) in point clouds,45

• a global energy formulation and optimization ap-
proach for partitioning a point cloud into meaningful
structural components based on structural cues.

Our proposed abstraction paves the road to 3D model
compression [15] or to shape-specific models [16, 17].50
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2. Related Work

Reconstructing surfaces from point clouds is a domi-
nant problem in computer vision as well computer graph-
ics. The range of research varies from volumetric seg-
mentation to the detection of symmetries and repetitions,55

enforcing shape priors and shape primitives. Depending
on the architecture or manufacturing [18] there may be
other constraints. For example, for simple Manhattan-
style skyscrapers the modeling can be as simple as a rect-
angular box [14]. For Haussmannian architecture, strong60

priors or regular floors may be sufficient to model the
buildings [19]. For more general architecture, more re-
laxed structural principles such as symmetries have to be
used [20, 8, 21]. Further even, in the case of real cities with
regular planar buildings and complex shapes like statues,65

a hybrid model can be applied [22].
For landmark architecture there are few rules that hold

across multiple landmarks, hence a more per-exemplar ap-
proach is needed. This is the direction we propose in this
work, where we tackle the decomposition and understand-70

ing of architectural structures for landmarks.

2.1. Primitive Detection

In the line of shape priors for arbitrary surface recon-
struction, there are two general cases. Either the raw data
is replaced by a fitted shape primitive (hard prior), or in75

the other case an attraction force to the fitted shape prim-
itive is used (soft prior). Both hard and soft priors are
used in various forms (e.g. primitive fitting, shape gram-
mars, etc.) to produce robust and clean results.

Methods for hard priors use robust fitting of models80

like planes, cylinders [23]. Schnabel et al. [24] detect sim-
ple primitives such as planes, spheres, cylinders, etc., and
further extend shape primitives across the remaining sur-
faces for completion [25].

For the soft priors the prior is only included within the85

optimization which smooths out the final surface by guid-
ing the shape as suggested by the prior. Haene et al. [26]
have shown this for piecewise planar priors and the works
of Dame and Bao [16, 17] showed this for arbitrary shape
priors learned from 3D training data.90

Monszpart et al. [27] have recently shown that indoors
and outdoors man-made scenes can be efficiently repre-
sented as regular arrangements of planes. Moreover, just
piecewise-planar representation can produce very high qual-
ity models of indoor environments, as shown in [28]. Plane95

fitting can be useful to enhance the representation of ur-
ban data, as shown in [29]. Oesau et al. [30] showed that it
is possible to interleave plane detection and regularization
of the scene with the detections. Lafarge et al. [31] de-
tected multiple types of shape primitives in a recognition-100

style method, as they first cluster the input data into pla-
nar, concave, convex and non-developable surface types.
This in turn defines the type of primitive to detect and
removes much of the complexity of detecting all feasible
shape primitives.105

Verdie and Lafarge [32] proposed an efficient Monte
Carlo sampler for detecting parametric objects in large
scenes exploiting parallel processing and reversible jump
between different primitive types.

In another work by Lafarge et al. [33] it is demon-110

strated that integration of primitive models can be useful
for multi-view reconstruction.

Lafarge et al. [22] also propose a hybrid solution be-
tween shape primitives and arbitrary mesh topology. The
authors initially show how to estimate the fitting of multi-115

ple shape primitives efficiently. The hybrid solution then
allows for compact models while still preserving the details
for arbitrary structures.

Primitive detection can be also done in 2D, on image
sequences. For example, Pham et al. [34] fit orthogonal120

models to multi-view images.
Overall, these methods provide a better understanding

through shape priors and primitives. Yet all methods have
implicitly two drawbacks. First, they still require models
for each specific types of primitive. Second, the related125

works cannot handle non-standard shape primitive which
are large, complex shapes such as architectural elements
(e.g. an entire tower) in landmark buildings.

To the best of our knowledge, [15] is the only related
work for abstraction of buildings as it tries to decompose130

buildings into 2D sweeping profiles. However, in our ex-
perience, it iteratively finds the profiles and has problems
decomposing into these architectural elements. Hence, [15]
would benefit from a more holistic decomposition.

2.2. Symmetry Detection135

Symmetries have been explored in computer vision for
a long time and review reports are available [35, 36]. How-
ever, among the first to apply it for 3D buildings were [37,
38, 39].

Mitra et al. [37] introduce a voting for symmetries140

for reflection, rotation and translation. In their follow-
up work, [38], they use the voting space to create a sym-
metrization effect to enhance symmetries while maintain-
ing the shape of the model. Pauly et al. [39] discover struc-
tural regularity by detecting repeated structures in 3D ob-145

jects, which have been generated by the means of computer
graphics. They simultaneously evaluate the repetition pat-
tern and detect the repeating geometric elements.

Cohen et al. [40] take it one step further and let the
symmetries influence the Structure-from-Motion optimiza-150

tion, whereas Koeser at al. [41] exploit mirror symmetries
in dense reconstructions from a single view.

Zheng et al. [42] rearrange parts of objects within large
yet clean shape collections. In their recent work, Liu et al. [43]
define replaceable substructures and use the shape graph155

for remodeling.
Contrary to these approaches, we start from point clouds

and tackle the decomposition and understanding of real-
world 3D landmark reconstructions. In summary, (1) we
are the first to show a working method on noisy data, as160
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other research has only worked with symmetries on clean
3D models, (2) others take pre-separated components for
structural analysis and we aim to automate this separa-
tion, (3) our strengths over ill-suited point-wise analysis
or recognition is that we can extract high-level group-165

ings based on symmetries and coherent global similarities
rather than making local decisions, and (4) we propose a
new notion that extends from fixed primitives sets to arbi-
trary shapes, hence we provide a more general and scalable
approach.170

In particular, our point clouds are built from image-
based reconstructions using Structure-from-Motion (SfM)
tools [2, 3] and contains many noisy points and inaccura-
cies over clean CAD-style models. Further, we propose a
method for segmenting complex landmark structures into175

parts using a range of structural cues such as mirror sym-
metries, bodies of rotation, plane primitives, and free-form
polylines. More cues can easily be included in our unified
optimization scheme.

3. ASE Decomposition180

The overall goal of our method is to decompose a 3D
point cloud representing a landmark into semantically mean-
ingful architectural structural elements (ASE) of the build-
ing. Figure 2 gives an overview of our approach.

The input to our algorithm is a 3D point cloud of a185

building. In a preprocessing step, we align our input point
cloud with the gravity vector (we extract it from a raw
point cloud using the method suggested in [15]) and scale
it to real-world (metric) scale, which can be easily autom-
atized knowing the (coarse) GPS positions of the cameras.190

Next, we extract normals by Principal Component Analy-
sis (PCA) over the 3D k-NN neighborhood of each point.
We denote an oriented 3D point by pi = (Xi,Ni). Ex-
ploiting the natural vertical prior for walls, for some of
the cues we project the points and their normals to the195

ground. We denote the coordinates and normals of the
projected points as pi = (xi,ni). The corresponding point
height is denoted as hi.

We only use the 2D projections for detecting the mir-
ror and rotational symmetries and extracting free-form200

shapes. By doing that, we assume that the rotational and
mirror symmetries have vertical lines and planes of rota-
tion. This is true for the vast majority of buildings (with
an exception of, for example, falling towers).

Next, we perform detection of structural cues. First,205

we analyze the point cloud to detect its dominant mirror
symmetries (to find opposing walls) and rotational sym-
metries (to detect bodies of revolution, e.g. towers) (Fig-
ure 2b). Second, we extract a rough floor plan of the point
cloud to capture free-form structures that are not well ex-210

plained by the symmetries (Figure 2c). Additionally, we
extract planes and use them as low-level structural cues as
well. Finally, we formulate a global energy minimization to
robustly assign every 3D point to the structural elements

that are generated either by a symmetry or a free-form215

shape (Figure 2d).
It is important to note that the symmetry detection in

Section 3.1 and the free-form polyline extraction in Sec-
tion 3.2 only provide symmetries and polylines that enter
as hypotheses into a final optimization, discussion of which220

is detailed in Section 3.4. This optimization can suppress
unlikely structural cues.

3.1. Symmetry Analysis

Symmetries are prominent properties of many land-
marks. It is common for buildings to have self-reflection225

(e.g. opposite walls are often symmetric) or rotational sym-
metry (e.g. for towers or domes).

In this work, we demonstrate the detection of mirror
and rotational symmetries. We extract them in the afore-
mentioned 2D ground projection. Our symmetry extrac-230

tion scheme is general and can be extended to other types
of symmetries and to 3D symmetries. The main goal is
the optimization over various structural cues, however ad-
ditionally we demonstrate our methods in two variants for
collecting symmetry evidence, namely Hough-space vot-235

ing [44, 45] and RANSAC [23]. Inspired by [37], we gener-
ate votes for each pair of points for a symmetry in Hough-
space, and show the extension of the approach with RANSAC
that is less demanding to computational resources and
memory. The RANSAC approach is greatly inspired by240

the Hough-space voting, and we present them both for
clearer comparison and analysis of each approach.

3.1.1. Point Matching

For Hough voting, in order to prevent filling in the
voting space with votes for unlikely 2D symmetries, only a
selected subset of all possible point pairs is allowed to vote
for symmetries. For simplicity, our criterion for a point
pair {pi, pj} (a matching pair from now on) to generate a
vote is

|hi − hj | < th, (1)

where hi is the height of pi over the ground as introduced
earlier, and th is a height difference threshold defined as

th = 0.1 · (maxi hi −mini hi). (2)

We note that this simple criterion could be replaced by a
more sophisticated matching of local 3D shape descriptors,245

e.g. spin images [46], FPFH [47] or 3D SURF[48].

3.1.2. Detecting Mirror Symmetries

Hough Voting Approach. For mirror symmetries, every match-
ing pair (pi, pj) votes for a hypothesized symmetry line,
which is the perpendicular bisector of the 2D segment con-250

necting pi and pj , as shown in Figure 3a. This symmetry
line is parametrized by a pair (Dij , φij) (i.e. a point) in
the Hough-space Hmir(D,φ), where Dij is the distance of
the line from the origin and φij is the characteristic angle
of the line shown in the figure. Figure 4a visualizes these255
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(a) (b) (c) (d)

Figure 2: An overview of our method: (a) semi-dense point cloud as input, (b) identification of mirror symmetries and centers of bodies of
revolution (axes in red), (c) extraction of free-form polylines, (d) our segmentation result.
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Figure 3: Our voting schemes for mirror (a) and rotational symme-
tries (b). (a) the points pi and pj vote for the direction of the
red perpendicular bisector of the segment connecting the points,
parametrized by its distance Dij to the origin and its depicted angle
φij . (b) The points pi and pj vote for a pivot point that lies at the
intersection of the green lines passing through the points parallel to
the normals.

Hough-space votes for the example of Figure 2a. In this
parametrization, we move the origin to be below and to
the left from the lowest left-most point of the cloud. This
is done to reduce the voting space: no symmetry line will
have the characteristic angle φij in (π; 3

2π).260

Next, we extract dominant peaks in Hough-space, which
correspond to likely axes of mirror symmetry. Here, we
restrict ourselves to the two dominant perpendicular sym-
metries, which allows for a robust and parameter-free peak
detection. More precisely, we seek the global maximum of

Hmir(D1, φ) +Hmir(D2, {φ+ π/2} mod 2π) (3)

as a function of (D1, D2, φ) to obtain the two peaks, i.e.,
two symmetry axes (D∗1 , φ

∗) and (D∗2 , {φ∗+π/2}mod 2π).
This is solved exhaustively, where for each discrete

value of φ, the maximal Hmir(D1) and Hmir(D2) are found
(1D searches) and summed. However, this comes at vir-265

tually no cost as a coarse discretization (in the order of
360 × 200) of our 2D Hough-space proved to work well
with our datasets.

RANSAC Approach. To form a mirror symmetry hypoth-
esis, only two points are needed. If we have randomly
selected a pair of points (pi, pj), they form a hypothesis
for a symmetry line that is a perpendicular bisector of the
2D line between xi and xj . Then, a part of the point
cloud lying on one side of the symmetry line (the side can
be chosen arbitrarily, we use the part with less points to
save computational resources) is flipped over the symme-
try line. We perform mirror reflection of the point cloud,

!

D

90°

(a) (b) x

y

Figure 4: Hough-spaces for voting for (a) symmetry lines of mirror
symmetries, (b) pivot points of rotational symmetries for the point
cloud shown in Figure 2. Red dots show the extracted peaks (see the
text for details).

i.e., we add the vector from the point to its closest point
on the symmetry line to its coordinates twice. As a result
of this operation, we have two groups of points lying on
the same side of the symmetry line. We count a point as
an inlier if it has a point from another group within the
proximity threshold tm = 0.05 for a metric-scaled point
cloud. An example of the described procedure is shown
in Figure 5. We repeat the random hypothesis generation
iterations until RANSAC confidence is higher than 99%.
We define confidence ξ as

ξ = 1− (1− w2)i, (4)

where i is the number of iterations and w is the ratio of
number of inliers to the overall number of points. In the270

equation, w2 is a best guess of the probability that both
randomly selected points are inliers, and the value of ξ
therefore indicates the probability that at least one hy-
pothesis out of i ones is made with two inliers.

To define a good value for the parameter tm, we run275

a solution stability test shown in Figure 6. In the picture
one can see results of the RANSAC procedure run multiple
times on the same dataset. It can be seen that the more
small the threshold of point proximity tm goes, the more
similar are the solutions over multiple iterations.280

As before, we aim to find the dominant perpendicular
symmetries of the dataset. Therefore, we count the points
as inliers only if they have a normal that is perpendicular
to the symmetry line (the absolute value of the dot prod-
uct between the normal and the symmetry line direction285

is lower than a threshold td = 0.1) and run the procedure
twice, restricting the result of the second run from being
too close to the first detected symmetry. As a result, we
end up with the two symmetry lines that correspond to the
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Figure 5: Mirror symmetry detection with RANSAC. Left: two
randomly selected points (red inside) form a hypothesis (red line).
Points from one side (with a blue outline) are mirrored, the result
is shown on the right. Inliers (i.e. the points that have a point from
another symmetry side nearby) are colored green. In the first guess
(top row) the guess is not lucky and there are not many inliers. In
the second guess (bottom row) every point is an inlier.
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Figure 6: The RANSAC solution stability test of parameter tm [in-
lier distance in meters] on the Fraumuenster dataset. The columns
show different solutions of the same mirror symmetry problem by
RANSAC. For different rows, different values of tm are chosen. It
can be seen that the smaller tm goes, the more stable the solution
becomes.

Figure 7: Mirror symmetry detection performance on different cases.
Top: initial datasets (a house with orthogonal walls and a hexagonal
building), middle: Hough-space voting, bottom: RANSAC detec-
tions (from a top view). See text for the detailed discussion.

dominant perpendicular symmetries of the point cloud. It290

should be noted that orthogonality of the detected symme-
tries is not enforced (as in the case of Hough transform).
However, the search terminates after two symmetries are
found.

Although, as will be shown further, our optimization295

is independent on the orthogonality of the detected mirror
symmetries, we restrict ourselves to the two dominant di-
rections. There are two reasons for choice of such a model
(in the discussion we are referring to Figure 7):

Detection stability. Detecting maxima in Hough-space is300

a challenging task. Usually, non-maximum suppression
(NMS) is used for that. In Figure 7, the house model in
the left column has two dominant symmetries (that are
highlighted with green circles on the Hough-space plot).
However, there are two diagonal flip symmetries that also305

contribute a high score to the Hough-space (highlighted
with red). If our detections are based only on NMS, the
method becomes extremely sensitive to the NMS param-
eters that have to be tuned for every model. For Hough-
spaces, another advantage the restrictive search brings is310

the solution to the space discontinuity problem. In case
of general Hough voting symmetry lines that pass close
to origin can have very different angles. This might be a
problem for classical Hough space maxima detection tech-
niques, such as NMS (as points that are far away in the315

Hough space might be very close in the original space).
However, when using the restrictive search the problem
disappears as the search is performed row-wise.

Model simplicity. In our experiment, RANSAC was al-
ways able to return two dominant mirror symmetries after320

two iterations. However, if the number of mirror symme-
tries is unknown, we need to determine the number of iter-
ations after which to stop. In case of the house (left side of
the picture), four iterations is too much (as it only has two
mirror symmetries), whereas for a hexagonal building six325
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iterations is needed to detect all symmetries. The task of
analyzing multiple detections and determining the number
of correct ones we leave for future work.

3.1.3. Detecting Rotational Symmetries

Hough Voting Approach. In the case of rotational symme-330

tries, each matching point pair (pi, pj) votes for a hypothe-
sized rotational pivot point (xij , yij) in a 2D Hough-space
Hrot(x, y) of pivot points. The hypothesized pivot resides
at the intersection of the two lines, each passing through
the corresponding point parallel to its normal direction, as335

shown in Figure 3b.
Since for rotational symmetries we do not have such

a natural simplifying constraint for peak detection as in
the case of mirror symmetries, the standard scheme is em-
ployed for peak extraction. We use non-maximum suppres-340

sion with window size w and perform repeated peak extrac-
tion until a confidence threshold c is reached asHrot(x, y) >
c. We note however, that parameters w and c are kept
fixed throughout the datasets in the experimental section,
and recall that the detected symmetries enter as hypothe-345

ses into the final optimization in Section 3.4. An example
of the corresponding Hough-space is shown in Figure 4b.

RANSAC Approach. We define body of revolution (BOR)
as a set of 2D circles parallel to the ground plane in 3D
space that share the same rotational pivot point and are lo-350

cated on different heights. A natural extension to this is a
requirement for the radii of the circles to change smoothly
with the height change, but we let the final global opti-
mization take care of this.

To detect bodies of revolution, we make hypotheses355

about their rotational pivot points on the 2D ground plane
by simply extracting 2D circles. Then (in the final opti-
mization), we use context-aware point-wise potentials to
decide whether a point is likely to belong to BOR with a
center given by a particular 2D circle.360

Given a pair of points (pi, pj), we generate a hypothesis
for a circle with a center c at the point of intersection of the
lines that go through (xi,xj) and are parallel to (ni,nj).
The radius r of the circle is the mean value of distances
||xi − c|| and ||xj − c|| of points pi and py to the circle
centre c. If the difference in these distances is too high
(larger than half a meter), we discard the hypothesis. We
count the point pk as an inlier to the current hypothesis if

r − rt ≤ ||xk − c|| ≤ r + rt, (5)

i.e. it lies on the same circle within a radius threshold tr.
To prevent the algorithm to find incomplete circles (i.e.,

the circles that do not have support from different sides),
we bin the inliers into eight angular bins over the circle’s
circumference. The binning process is illustrated in Fig-365

ure 8.
For every bin, we compute density value Pb that is a

ratio of a number of points in the bin b to the total number

of points in the circle. To evaluate how equally are the
points distributed, we compute the entropy

H̄(P ) = −
8∑
b=1

Pb log8 Pb (6)

that is normalized between zero and one. In the RANSAC
procedure, we compare the hypotheses not by the number
of inliers, but by the entropy value. The hypothesis with
the highest entropy is considered to be the best.370

As in the case of mirror symmetries, we run the RANSAC
procedure until the confidence in the best hypothesis reaches
the value of 99% (again, we use Eq. 4 to determine the
confidence). However, to avoid fitting circles to the point
clouds that don’t have any, we discard the procedure if it375

reaches the maximal number of iterations.

3.2. Detecting Free-form Shapes

To describe parts of the input model that are not ex-
plained by symmetries (free-form parts), we additionally
summarize the 2D projected point cloud (including sym-380

metric parts) as a low number of polylines. In other words,
our method is designed to extract a set of 2D polylines that
approximate the entire floor plan of the object.

As a preprocessing, points lying on near-vertical sur-
faces (walls, typically) are extracted, as these are more385

representative for creating a floor plan. We remove points
lying on slanted surfaces (e.g. roofs) and horizontal sur-
faces based on the angle between their 3D normals and the
vertical direction, and we aim to summarize the remain-
ing subset of ground-projected points with a low number390

of 2D polylines.
First, we decompose the 2D point cloud into disjoint

local partitions and robustly extract a single dominant 2D
line segment from each such partition on-the-fly. The al-
gorithm performs a single run through all points for effi-395

ciency, selects the next unpartitioned point as seed, and
grows a partition in the 2D k-nearest neighborhood up
to a distance threshold. The latter controls the size of
the aperture, i.e. the extent of the partitions. The dom-
inant line segment is extracted from each partition using400

RANSAC [23] (with soft-scoring) and least-squares seg-
ment fitting to the inliers. This simple approach tends to
preserve locally linear structures while summarizing a 2D
point cloud into three orders of magnitude less segments.

Second, the line segments are to be snapped and linked405

into polylines. To do so, we mark two end-points of seg-
ments for snapping if they are nearest neighbors and are
within a distance threshold. From these pairwise adja-
cencies, we identify connected groups of vertices and col-
lapse them into a single vertex at their centroid. Next,410

the full set of segments is linked into polylines between
end-points and junctions in a tracing procedure based on
vertex valence, and the resulting polylines are subject to
a Douglas-Peucker polygon simplification [49]. In a final
cleaning step, short polylines are eliminated. The output415

is a set of polylines roughly approximating the shape of
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Figure 8: Splitting the circle hypothesis into angular bins. The red lines define a circle hypothesis. The circle is split into eight segments,
and points in each are counted to form a density distribution illustrated on the histogram to the right.

dense clusters in the 2D point cloud. An example of de-
tected polylines is shown in Figure 2c and Figure 11.

3.3. Detecting Planes

Planes are a very low-level cue, but are ubiquitous420

in buildings. Hence, we detect the planes in 3D with
RANSAC. We always detect as many planes as needed
to explain 90% of points and let the global optimization
remove the redundant ones w.r.t. the other structural cues.

3.4. Structural Element Assignment425

The final part of our method is the assignment of an
architectural structural element to every oriented point
pi = (xi,ni) in the point cloud, where xi,ni ∈ R2, i =
1 . . . , N denote the 2D location and normal of point pi on
the ground, respectively. As will be discussed in detail,430

each structural element is generated by one of the struc-
tural cues: mirror symmetry, center of body of revolution,
free-form polyline or plane described in the sections above.

We formulate the assignment as a multi-label energy
minimization, where each point obtains a label li ∈ L of a
structural element, and the optimal labeling (l∗1, l

∗
2, . . . , l

∗
N ) ∈

LN is sought for the following energy:

E(l1, l2, . . . , lN ) =
∑

i=1...N

Θ(pi, li)

+ γ1 ·
∑
i

∑
j

Ψ(pi, pj , li, lj) + γ2 ·
∑
∀l∈L

Γ(l), (7)

where Θ(pi, li) is the unary cost of assigning a point pi to
a structural element li, Ψ(pi, pj , li, lj) is a pairwise term435

enforcing smoothness of the labeling solution, and Γ(l) en-
codes our prior for a particular structural element l. In
the following discussion, we define these terms in detail
and explain how each cue generates structural elements.

Our unary cost for each of the structural cues is

Θ(pi, li) = 1−W t(li) ·Kt(xi, li) ·Ct(ni, li) ·Ht(pi, l). (8)

where index t ∈ {mir, rot,poly,plane} refers to the type of440

structural cue, i.e., mirror symmetry, rotational symmetry
and polyline, respectively, and the terms are as follows:

• Ct(n, l) ∈ [0, 1] is a measure of how consistent the
normal n of a point p is with a structural element l,

• Kt(x, l) ∈ [0, 1] is a kernel, namely a function of the445

position x of a point p w.r.t. a structural element l,

• W t(l) ∈ [0, 1] is a weight encoding how important
each structural element l ∈ L is for the understand-
ing of the building,

• Ht(p, l) ∈ [0, 1] is a weight encoding how well do450

other points support the choice of a given point for
a structural element l.

We postpone the exact definition of these terms to the next
subsections, as they differ per structural cue (index t).

Our pairwise term in Eq. 7 is the weighted Potts penalty

Ψ(pi, pj , li, lj) =

{
0, li = lj

e−λEdE(pi,pj), li 6= lj .
(9)

This term penalizes any pair of adjacent points (pi, pj)455

having different labels, where adjacency is defined in 3D
via k-NN search, k = 100. The penalty vanishes with the
3D Euclidean distance dE(pi, pj) between adjacent points,
and λE controls the speed of decrease. In our experiments,
we set λE as the smallest ball neighborhood radius such460

that 75% of all input points have at least 100 neighbors,
as also suggested in [15].

Finally, our label cost Γ(l) penalizes once for each label
l ∈ L occurring in the solution, i.e., it reduces the number
of structural elements occurring in the solution:

Γ(l) =

{
1, ∃i : li = l

0, otherwise.
(10)

We solve the multi-label optimization efficiently via the
α-expansion algorithm [50, 51, 52]. In [53] it is shown
that α-expansion is capable of solving energy minimization465

problems with label cost, such as the one in Eq. 7. The
parameters γ1 and γ2 balance the relative importance of
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(a) (b) (c)

Figure 9: Definition of angle αt
il between a point and a structural cue: (a) mirror symmetry (t = mir), (b) rotational symmetry (t = rot), (c)

free-form polyline (t = poly).

the three major energy terms, their choice is discussed in
the experiments section.

Next, we explain how each type of structural cue t =470

{mir, rot,poly,plane} is incorporated into the unary term
(Eq. 8) by defining each of its sub-terms Ct(n, l), Kt(x, l),
W t(l) and Ht(p, l).

3.4.1. Energy Terms for Mirror Symmetries

Every detected mirror symmetry generates two archi-475

tectural structural elements (represented by two labels),
one for each side of the symmetry axis, designed to sepa-
rate points into symmetric halves, e.g., opposing walls. As
discussed in Section 3.1.2, we extract the two dominant
orthogonal mirror symmetries for simplicity and robust-480

ness (see Figure 2b). It should be noted, however, that
our optimization scheme allows for more than two mirror
symmetries.

We now define the sub-terms of Eq. 8 for mirror sym-
metries (t = mir). The consistency between the normal
ni ∈ R2 of a point pi and a structural element of label l
generated by a mirror symmetry is defined by

Cmir(ni, l) = 1− sin(αmir
il ), (11)

where αmir
il ∈ [0, π2 ] is the angle between the point’s normal

ni and the normal of the symmetry axis (see Figure 9a).
Kernel Kmir(xi, l) defines how well do the coordinates of
the point support the mirror symmetry. For the structural
element l generated by one of the sides of the axis,

Kmir(pi, l) = e−λEdE(pi,p
∗
i ), (12)

where p∗i is the closes point to pi after it is flipped over the
mirror symmetry line.485

The weight Wmir(l) in Eq. 8 is set to 1 for all struc-
tural elements generated by mirror symmetries (high im-
portance). For this cue we also set Ht(p, l) to 1 because
mirror symmetries is a global notion that is not dependent
on a local point support.490

3.4.2. Energy Terms for Rotational Symmetries

Each rotational symmetry generates a single structural
element defined by a body of revolution and identified by
a label l ∈ L. Herein, we define the sub-terms of Eq. 8 for
rotational symmetries (t = rot).495

The consistency between the normal ni ∈ R2 of a point
pi and the structural element l generated by a rotational
symmetry is defined by

Crot(ni, l) = 1− sin(αrot
il ), (13)

where αrot
il is the angle between the point’s normal ni and

the line passing through the point and the pivot point of
the rotational symmetry (red dot in Figure 9b).

Unlike dominant mirror symmetries, which tend to be
more global for a dataset, we aim to extract local rota-
tional symmetries. Therefore, we limit the maximal radii
of detected bodies of revolution using a simple kernel:

Krot(xi, l) =

{
1, dE(xi, c) < tbr

0, otherwise,
(14)

where c is the center of considered body of revolution and
tbr is the threshold on the maximal circle size (we limit it500

to half of the maximal point cloud width).
As we would like the detected bodies of revolution to

be supported from all sides, we also use the point support
weight Ht(p, l). Given a point pi, and a body of revolution
hypothesis l we assume it is assigned to a body of revo-505

lution with a center in c. Then, we compute how equally
will the points be distributed in a circle with a center in c
and a radius of dE(xi, c). To do so, we use same definition
of entropy as in Eq. 6. We split the circle into eight angu-
lar bins and count the number of inliers within the same510

threshold rt. We assign the value of entropy H̄(P ∗(pi, l))
to Hrot(pi, l), where P ∗(pi, l) is a set of inliers to the cur-
rent hypothesis of a circle with center in c going through
a point pi.

As for mirror symmetries, the importance weightW rot(l)515

is set to one for all rotational symmetries (high impor-
tance).

3.4.3. Energy Terms for Free-form Polylines

Each of the 2D polylines representing the floor plan
of the building (Section 3.2) generates a single structural520

element (hence, a label l ∈ L). They serve to capture
free-form structural elements that are not well explained
by symmetry cues. Here, we define the sub-terms of Eq. 8
for t = poly.
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The consistency between the normal ni ∈ R2 of a point
pi and a polyline identified by label l is

Cpoly(ni, l) = 1− sin(αpoly
il ), (15)

where αpoly
il is the angle between the point’s normal ni and525

the line passing through pi and the closest point p̂il of the
polyline, as shown in Figure 9c.

Similarly to rotational symmetries, polylines have a lo-
cal influence, encoded in the sigmoid kernel

Kpoly(xi, l) = 1− 1

1 + exp{λp(τp − ||xi − x̂il||)}
, (16)

where xi, x̂il ∈ R2 are the 2D positions of pi and of the
closest point p̂il on the polyline, respectively. The inflec-
tion point of the sigmoid is fixed at tp = 1 meter, and the530

steepness of the descent to λp = 20 in all our experiments.
A strong symmetry cue should dominate over polylines

in its area of influence. Therefore, each polyline needs to
be weighted depending on how well it can fit to any sym-
metry cue. In this vein, we extract the oriented mid-point
mlk from each segment elk of every polyline l, and evalu-
ate Θ(mlk, l

′) defined in Eq. 8 for each structural element
l′ generated by detected mirror (t = mir) and rotational
(t = rot) symmetries. Θ(mlk, l

′) measures how well the
mid-point mlk fits to a symmetry cue. We introduce the
polyline usefulness measure

Ul =
∑
k

flk ·min(
∑

l′=1...L

Θ(mlk, l
′), 1), (17)

where flk is the normalized length of segment elk of poly-
line l, such that

∑
k flk = 1. A high Ul indicates that the

polygon contains a large number of segments unexplained
by symmetry cues, hence, it is worth considering the poly-
line to explain the neighboring points as free-form parts.
The weight of the polyline is defined as the sigmoid

W poly(l) =
1

1 + exp{λw(tw − Ul)}
, (18)

where we set an abrupt change λw = 20 similarly to Eq. 16,
and tw = 0.6 in all experiments.

3.4.4. Energy Terms for Planes

For each plane, we define the weight terms as follows.
The consistency between the point pi with a normal ni ∈
R2 and the structural element l that is defined by plane is

Crot(ni, l) = 1− sin(αplane
il ), (19)

where αrot
il is the angle between the point’s normal ni and535

normal of the plane.
The distance between the point and the plane is cap-

tured by the kernel Kplane(xi, l):

Kplane(xi, l) = e−λEdE(pi,p
∗
i ), (20)

where p∗i is the closest point on the plane to pi.

We also have a preference to planes that are equally
supported by points. To evaluate that, we study the 2D
point distribution of the plane inliers. First, we compute a
2D convex hull for the point inliers on the plane. Then, we
split the space inside the hull into ns 1 by 1 meter squares,
and compute the fraction of points for every square Pn.
Finally, we assign the weight

H̄(pi, l) = −
Pn∑
b=1

Pn logPn
Pn (21)

that equals to 1 if the points are completely uniformly
distributed and fades to 0 as the distribution becomes less
equal. We assign the same weight H(pi, l) to every point540

pi. As the planes are robust to detect, we also set their
importance to W plane(l) = 1.

4. Experiments

In this section we evaluate the properties of our ar-
chitectural structural elements (ASE) decomposition. All545

used 3D models are reconstructed from unordered image
collections. Despite tremendous progress in the research,
these models are still incomplete and very noisy compared
to clean computer generated collections used in prior work.
This method is tested on multiple datasets that have dif-550

ferent architectural elements like towers, arches, ellipsoids,
planar and free-form walls, as summarized in Table 1.
The majority of the datasets are a result of running SfM
pipeline, however, some (namely, Fraumuenster and Gross-
muenster) are sampled from a city-scale aerial mesh (and555

are very coarse). The results are also shown in Figure 15
and 16.

We evaluate our results quantitatively by comparing
them with our ground truth segmentations. The segmen-
tation accuracy is measured by the intersection over union560

(also Jaccard index) for every ground truth label and the
corresponding label. Due to possible over-segmentation, a
mapping is needed between the predicted labeling (where
the number of labels can vary) to the fixed labels of the
ground truth segmentation. We select the most frequent565

label per ground truth label, mark it used and as corre-
sponding to the ground truth label. This is a similar pro-
cedure as used in the PASCAL VOC challenge [54]. We
report the mean accuracy over all labels.

4.1. Method Parameters570

In this section we investigate the stability of our method
against the internal parameters. Since all the models are
metrically scaled, the geometric parameters are fixed to
meter scale as described in the text above. The main re-
maining parameters are the multi-label optimization weights575

γ1 (smoothing cost) and γ2 (label cost). We empirically
evaluate the mean accuracy over the ground truth labels
as well the number of labels that appear in the final de-
composition. Using a grid search over a range of feasible
parameters we fix these for all other experiments.580
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Figure 10: Close-up pictures of the seams between adjacent ASEs demonstrate the accuracy of our method. Left to right: Orebro, junction
between the tower and the wall; Arch: two walls; Fraumuenster: rooftop and the tower.

Figure 11: Examples of detected free-form shapes on the datasets. Left to right: Orebro, Arch, Colosseum.

Dataset # Pts 3D Source Method
Segmentation accuracy [%]

Per label, colored by type of architectural structural element (ASE) Mean

Orebro [55] 1.7M PMVS [56]

Curvature split 86.7 86.7 83.3 87.2 72.3 76.6 74.7 66.5 78.4 71.2 15.2 72.64
Plane fitting 79.9 82.8 89.0 79.0 14.6 18.7 13.8 27.3 32.4 8.1 8.1 41.25
Method [24] 75.2 78.0 81.0 77.9 68.5 63.6 70.9 53.0 39.7 59.4 34.6 63.80
Our method 97.0 96.4 98.4 96.7 86.7 89.4 98.3 94.9 100.0 98.8 93.3 95.45

Arch [55] 300K PMVS [56]

Curvature split 75.4 61.3 62.7 6.4 17.5 17.2 19.7 4.9 21.3 31.81
Plane fitting 18.5 91.6 86.9 3.9 79.0 55.2 60.3 0.1 35.1 47.84
Method [24] 47.1 62.8 63.1 8.9 47.0 54.5 52.6 16.5 57.5 45.60
Our method 92.3 92.2 84.8 8.4 88.2 83.4 62.5 40.8 92.2 71.65

Colosseum [15] 200K SfM [3]
Curvature split 88.4 89.1 38.9 72.14
Plane fitting 17.9 7.7 29 18.20
Method [24] 49.3 52.8 35.0 45.70
Our method 99.9 78.6 98.8 92.43

Sant’Angelo [57] 60K SfM [3]
Curvature split 37.9 25.4 66.2 92.1 62.3 82.3 42.7 32.8 54.10
Plane fitting 39.5 33.3 8.6 22.3 77.7 0 7.7 18.1 25.90
Method [24] 91.1 58.6 33.7 68.2 83.2 97.3 97.5 99.6 78.65
Our method 59.4 55.5 100 99.8 97.5 98.3 96.1 89.1 86.96

Grossmuenster 200K MVS [58]

Curvature split 2.8 2.6 2.6 0.4 2.2 2.4 0.8 1.97
Plane fitting 54.5 42.6 28.6 0 20.2 19.6 11.8 25.35
Method [24] 43.3 32.3 63.8 0 24.4 18.9 65.4 35.45
Our method 81.7 54.5 0 0 79.3 87.2 6.2 44.13

Fraumuenster 120K MVS [58]

Curvature split 1.8 1.2 2.5 0.9 1.59
Plane fitting 68.0 66.0 22.4 82.7 59.82
Method [24] 64.0 66.2 20.0 76.03 56.56
Our method 86.3 88.4 84.7 77.6 84.25

Trinity Chapel
(failure case)

200K SfM [3]

Curvature split 24.7 28.4 32.9 16.7 32.8 27.10
Plane fitting 24.7 55.9 24.3 26.0 9.5 28.08
Method [24] 28.2 29.2 44.2 24.3 61.8 37.54
Our method 56.6 39.5 67.2 21.8 56.1 48.24

Table 1: Overview of the datasets and comparison of our method with the baselines. Results are reported as segmentation accuracy (Jaccard
index multiplied by 100). Colors correspond to the components identified by our method: red for mirror symmetries, green for bodies of
revolution, yellow for polylines, blue for planes.
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The final values are γ1 = 1 (smoothing cost) and γ2 =
100 (label cost). Increasing γ1 = 1 smooths the labels. It
is robust in the range of 1 . . . 5. Changing the value of γ2
affects the number of detected labels and is very robust.
Only very low values result in extra labels and hence in585

over-segmentation. Results of the grid search for these
parameters is shown in Figure 12.

Hough voting and RANSAC give qualitatively simi-
lar results, and the main difference is the time needed for
computation. This is shown in Figure 13. In this plot, we590

compare the time needed for finding for a mirror symmetry
by RANSAC and Hough voting. Hough voting is imple-
mented efficiently on C++, while RANSAC is computed
with Matlab. However, due to the quadratic complexity of
Hough voting, it is an order of magnitude slower on a point595

cloud with 350K points. In the future experiments, we use
RANSAC for detecting ASEs as the point clouds we are
operating with are relatively large (up to 1.7M points).

Regarding the time of computation, the main bottle-
neck of the algorithm is the final 3D optimization. In Fig-600

ure 14, we show the time taken to do a full optimization
on Orebro dataset as a function of the number of points in
the dataset. The computational time grows linearly with
the number of points.

4.2. Comparison to Baselines605

In this section we evaluate our method against base-
line approaches. Because of a lack of available, directly
comparable work, we compare to alternative ways of un-
supervised decomposition of a point cloud. Namely, we
investigate curvature-based segmentation and hard-prior610

approaches for grouping parts of the 3D point cloud into
coherent groups.

The first baseline is inspired by [31]. We detect regu-
larized regions of different curvatures, and run connected
of components search to identify the components.615

As a second baseline, we iteratively fit planes with an
inlier threshold of 0.1 meters until 90% of the point cloud
is assigned to a plane. For every ground truth structural
element, we choose one plane that is best at covering it.

As a third baseline, we use a method of Schnabel et al. [24]620

that decomposes a point cloud into a set of primitives like
planes, tori, spheres, etc.

The results are provided in Figure 15 and 16 as well as
in Table 1. As noise in the ground truth is not segmented,
to compare the decomposition to the ground truth, we625

search the connected components of the resulting ASE de-
composition and match the closest connected component
to the corresponding ground truth element. This we also
show on top view visualizations in Figure 15, 16.

The curvature split baseline achieves reasonable results630

on the meshes that are not too smooth. On Fraumuenster
and Grossmuenster datasets (that are extracted from an
aerial mesh), the transition between different components
is so smooth the curvature does not capture it. On other
datasets, for example, Orebro, the method is capable of635

delivering a reasonable decomposition. It should be noted
that sharp edges on parts of the components, for exam-
ple, a transition from roof to wall in towers, can lead to
splitting of the component into multiple ones.

Plane fitting produces reasonable results when the ob-640

jects to decompose are flat. For suitable landmarks, such
as Arch, it is able to capture the ASEs very well (although
ignoring the internal structure of the object). Orebro’s
walls are identified reasonably well, resulting in high scores
for their segmentation. The method fails with towers and645

arbitrarily shaped constructions, resulting in a relatively
low mean accuracy for this dataset. Finally, in the ab-
sence of planar objects, this method does not provide any
reasonable solution (see Colosseum).

The method from [24] is very efficient at fitting primi-650

tives into point clouds, as it can be seen on, for example,
Arch and Fraumuenster datasets. However, it suffers from
several drawbacks. First, in the absence of clear primitive
it fails to fit a sensible model (for example, in case of Colos-
seum, every side is shared between several models). Our655

method is capable of dealing with these elements because
of the free-form polylines cue. Second, the primitives are
too simple for buildings. This is seen or towers of Ore-
bro and Sant’Angelo. Different parts of towers that have
different width get different primitives (namely, cylinders)660

assigned to them.
Our method successfully and consistently outperforms

the baselines as it is optimized for multiple specialized
structural features rather than hard constraints or split
based on geometrical pecularities. It can be also seen in665

the quantitative evaluation shown in Table 1.
It prioritizes the structural cues based on the dataset.

For Colosseum, that does not have a strong support for ro-
tational or mirror symmetries, it explains the whole model
based on the polylines. Conversely, Arch is completely ex-670

plained by the mirror symmetries, resulting for good scores
for all components but the back wall, where the point sup-
port is very weak. For Orebro, the method is able to cap-
ture all four wall and side towers, as well as the two half
moon-shaped structures at the entrance. On every wall675

the mirror symmetries and plane cues have to compete as
both have high unaries. As a result, two walls are assigned
to planes, and two – to the mirror symmetries.

In case of Grossmuenster, all ASEs are successfully de-
termined. However, because of too high influence of the680

pairwise term in Eq. 7, the area assigned to a body of revo-
lution of a small tower is extended to parts of the building
itself.

Finally, the Trinity Chapel is a very noisy point cloud
with several SfM errors and very irregular point struc-685

ture. All considered methods fail to decompose it. For
our method, the main challenges related to this datasets
were irregular point normals and very irregular point den-
sity that made smoothing extremely challenging.

The quality of the segmentation is additionally illus-690

trated in Figure 10, where we show close-up pictures of
the seams between different components.
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Figure 12: Results of the grid search over the weights of the energy optimization for Orebro dataset.
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Figure 13: Running time for detecting a mirror symmetry for
Hough space voting and RANSAC. RANSAC significantly outper-
forms Hough space voting as the number of points grows. Please
note that the time axis is in logarithmic scale.
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Figure 14: Running time of the 3D optimization (measured on a sin-
gle core). The subset of points (from Orebro dataset) are generated
by parts of the same dataset, keeping the point density the same).

In Figure 11 we demonstrate our method for detecting
free-form shapes on several datasets. While detecting floor
plans in 2D point cloud projections can be simplified by695

a number of assumptions (for example, walls can be as-
sumed to be planar and be therefore detected with a line
detector), our method is targeted towards general shapes
like curved objects (as straight walls can be easily detected
with other cues, namely mirror symmetries and planes). It700

can be seen that the more precise the data is (for example,
on Colosseum dataset), the more likely is the method to
return one polyline per component. In case of noisy thick
walls, like in the Arch dataset, a single wall can be rep-
resented with multiple polylines. Adding data awareness705

to our current method can result in better performance of
very noisy sets.

Overall our method successfully decomposes all models
into their ASEs. Failure cases occur when the symmetries
or free-form lines are not correctly detected. Usually this is710

the case for missing data, as this affects any of the methods
as no underlying structural cues exist.

5. Conclusions and Future Work

This work takes a step towards understanding the ar-
chitectural and structural elements of landmarks. Although715

for simple buildings a simple planar abstraction should
suffice, we look at architectural landmarks which contain
more complex shapes and structure than usual buildings.

Our method for decomposing 3D reconstructions ex-
ploits multiple structural cues like mirror and rotational720

symmetries, free-form polylines and planes. As we formu-
late it as a multi-label optimization, our method works
on noisy 3D point clouds from image-based reconstruc-
tion. Experimental evaluation confirms that the results
are state-of-the-art for the decomposition of complex land-725

mark buildings.
In future work we plan to iterate symmetry extraction

and structural element assignment and infer long-distance
graph connections to complete empty areas of the 3D re-
construction to overcome some aspects of the missing data,730
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Figure 15: Examples of our method in comparison to standard baseline methods. The baselines fail to capture all structural elements of
the landmarks as they either contain no higher level features (curvature) or enforce hard priors (plane fitting). Our method successfully
decomposes the complex scenes due to the global optimization of our structural features.
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Sant’Angelo Trinity Chapel Grossmuenster
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Figure 16: Examples of our method in comparison to standard baseline methods, continued.
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as well as to enlarge the list of detected ASEs as well as re-
searching the extraction of general 3D shapes [59, 60]. An-
other contribution we leave for future work is integrating
noise detection into optimization. That will facilitate si-
multaneous ASE decomposition and generally image-based735

structure-from-motion dataset denoising.
The understanding of 3D architectural models such as

buildings and landmarks, will pave the way for more au-
tomation of creating talk maps [61] and creating more
structurally correct textured 3D models [62] for better vi-740

sualization.
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[12] A. Bódis-Szomorú, H. Riemenschneider, L. Van Gool, Fast,
Approximate Piecewise-Planar Modeling Based on Sparse
Structure-from-Motion and Superpixels, in: CVPR, 2014.775
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