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Abstract

We present an effective and efficient method for point-wise semantic classification and extraction of object contours of
large-scale 3D point clouds. What makes point cloud interpretation challenging is the sheer size of several millions of
points per scan and the non-grid, sparse, and uneven distribution of points. Standard image processing tools like texture
filters, for example, cannot handle such data efficiently, which calls for dedicated point cloud labeling methods. It turns
out that one of the major drivers for efficient computation and handling of strong variations in point density, is a careful
formulation of per-point neighborhoods at multiple scales. This allows, both, to define an expressive feature set and to
extract topologically meaningful object contours.

Semantic classification and contour extraction are interlaced problems. Point-wise semantic classification enables
extracting a meaningful candidate set of contour points while contours help generating a rich feature representation that
benefits point-wise classification. These methods are tailored to have fast run time and small memory footprint for
processing large-scale, unstructured, and inhomogeneous point clouds, while still achieving high classification accuracy.
We evaluate our methods on the semantic3d.net benchmark for terrestrial laser scans with > 109 points.
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1. Introduction

With advanced measurement technologies, like terrestrial
laser scanners, it takes fairly little effort and time to collect
millions to billions of 3D points in various environments
and for many different applications. Yet, large collections
of 3D data are hard to process due to their lack of structure.
This is especially true in natural scenes, where not only the
captured data itself is challenging but also the many possi-
ble variations of objects within the scene.

Most applications avoid working directly on these chal-
lenging data sets by transferring point clouds into differ-
ent representations, such as triangle meshes or more CAD-
like structures, e.g. [35, 22, 51]. The most common CAD
model is Constructive Solid Geometry, where parametric
3D solids are fitted to the data as shape primitives. Such
an approach quickly reaches its limits in complex scenes,
where large portions of the geometry are not covered by
the primitive library. A more generic approach is to extract
contours directly in point clouds and use them as represen-
tation (Fig. 1(a)). At first glance this step might appear of
little advantage, since edges can also be extracted from a tri-
angle mesh or parametric model. But, arguably, it is advan-
tageous to already know the contours as an input for mesh
triangulation or surface fitting, so as to avoid modelling er-
rors that frequently occur around contours. Especially mesh
triangulation is known to smooth out edges.

Intuitively, contours should thus be detected before sur-
face reconstruction to support segmentation. Interactive
modelling systems in graphics and vision [41] and in com-
mercial mapping [43, 11] actually operate in this way. In
practice it is challenging to detect contours in point clouds.

The main reasons are not only the unstructured data but also
the unclear definition of what constitutes a contour. While
high curvature values play an important role there are also
other factors, which cannot be neglected. For instance, the
curvature where two building walls meet can in some cases
be quite a bit lower than on rough surfaces, e.g. mead-
ows. Obviously, a human operator uses additional contex-
tual cues to identify what constitutes a contour. This situa-
tion, where one must exploit diffuse knowledge that is hard
to make explicit and formalise, calls for statistical machine
learning.

Much the same can be said of semantic segmentation,
i.e., the task to assign each individual data point a seman-
tic class label (Fig. 1(b)). Early work on semantic seg-
mentation was concerned with airborne data. The point
data was converted to a 2.5D range image (rastered height
field), so that it can be treated with image processing tech-
niques [18, 14]. Newer methods, especially those con-
cerned with terrestrial datasets consisting of multiple scans,
follow a more general approach and work directly on 3D
points [6, 53, 12, 48]. Very recently, Convolutional Neu-
ral Networks (CNN) have shown promising results also for
3D data, following their success in image interpretation and
speech recognition [26, 38, 36].

It is easy to see that semantic segmentation and contour
detection are related, both because contours often coincide
with object boundaries and because the geometric proper-
ties of contours may vary depending on the object class (c.f.
“breaklines” on natural terrain or on man-made objects).
In this paper we extend preliminary work [16, 15] on con-
tour detection and semantic classification by showing ex-
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(a) (b)

Fig. 1. Examples of (a) extracted contours and (b) point-wise semantic classification; gray: buildings, orange: man made ground, green: natural ground,
yellow: low vegetation, blue: high vegetation, purple: hard scape, pink: cars

perimentally that it is beneficial to couple the two tasks and
solve them jointly.

2. Related Work

Contour detection is closely related to edge and bound-
ary detection in 2D images, which is still an active field
of research, in spite of long-standing classics like the
Canny edge detector [4]. Supervised machine learning
has brought about important advances in 2D contour de-
tection, where recent algorithms approach human perfor-
mance [21, 36, 52].

One option to construct 3D lines in the multi-view setting
is to triangulate them from 2D line segments extracted in
images [34, 30, 17]. The outcome are mostly short, discon-
nected, straight line segments in 3D that can certainly sup-
port certain modelling tasks, but are a long way from con-
nected, topologically meaningful wireframe. In many cases
point clouds are not generated via multi-view matching or
the source images are not available; such that contour detec-
tion must start directly in 3D space. Early work in computer
graphics has confirmed the intuition that 3D contours can
be identified better with more complex feature sets, which
go beyond simple curvature values [31]. Our contour de-
tector relies on a hypothesize-and-verify strategy: an over-
complete set of line candidates is extracted via shortest path
search (based on point-wise features), followed by a global
pruning step that selects those candidates that fulfill appro-
priate topological conditions like long-range connectivity.
The technically most related work we are aware of comes
from the fields of medical imaging [46, 45] and topographic
mapping [44, 28, 47]. A recurrent finding in these works is
that the local evidence, i.e., the likelihood that an individ-
ual point of a line lies on a contour, is best learned from a

large set of labeled training data (rather than guessed and
hand-coded).

Early work on semantic point cloud segmentation trans-
formed the points (recorded from airborne platforms) into
other representations such as regular raster height maps, in
order to simplify the problem and benefit from the compre-
hensive toolbox of image processing functions [18, 24, 14,
32]. Recent work follows a more generic approach that can
also deal with true 3D data. Learning and prediction operate
directly on 3D points [5, 6, 29, 53], such that one can also
process data which cannot be reduced to height maps in a
straight-forward manner, in particular terrestrial data gen-
erated from multiple imaging or scan positions, and mobile
mapping data [48, 9].

Training a good model requires an expressive feature set.
A large number of 3D point descriptors has been developed,
which typically encode geometric properties within the
point’s neighborhood, like surface curvature, surface nor-
mal orientation, e.t.c.. Popular descriptors are for example
spin images [19], fast point feature histograms (FPFH) [33]
and signatures of histograms (SHOT) [42]. One drawback
of these rich descriptors is their high computational cost.
While computation time is not an issue for small point sets
(e.g., sparse key points), it is a crucial bottleneck when all
points in a large point cloud shall be classified. A faster
alternative if working on range images instead of 3D point
clouds is the NARF operator that is a widely used for key
point extraction and description in the robotics commu-
nity [40, 39]. In order to achieve robustness against view-
point changes, it explicitly models object contour informa-
tion. A computationally cheaper alternative for full 3D
point cloud features is derived from the structure tensor of
a point’s neighbourhood [8], and the point distribution in
oriented (usually vertical) cylinders [27, 48]. Neural net-
works (usually of the deep, convolutional network flavour)
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Fig. 2. Illustration of our contour detection pipeline. (left) A binary classifier predicts point-wise contour scores (red: high contour probability, blue:
low contour probability); (middle) Seed points with high contour scores are linked into an over-complete graph of contour candidates; candidates are
re-scored with another round of classification; (right) candidates are pruned to an optimal set of contours by MRF inference.

offer the possibility to completely avoid heuristic feature
design and feature selection. They are at present immensely
popular in 2D image interpretation, recently deep learning
pipelines have been proposed for voxel grids [23, 50, 26]
and RGB-D images [38], too. These deep learning tech-
niques inherently capture appearance based features as well
as geometric object properties. Yet, they are computation-
ally demanding and have so far been limited to compara-
tively small point clouds.

Our solution is in some sense related in that we aim to
use correlations between object classes and the geometric
properties of contours. In both cases the hope is that mu-
tual feedback between semantics and geometry will benefit
the overall interpretation. Our approach is simpler and less
elegant, but much more efficient to compute and more gen-
erally applicable in case of limited training data.

3. Approach

Requirements for our processing pipeline are efficiency
in terms of both run-time and memory footprint, such that
the algorithm can be applied to point clouds of realistic
size. In fact, the bottleneck in terms of efficiency are the
large number of 3D nearest-neighbor queries to construct
the neighborhood structure for feature and contour compu-
tation. We build on the following, simple key insight to gain
speed: to (approximately) characterise a larger neighbour-
hood, it is sufficient to use a proportionally smaller subset
of points. It may seem that this strategy sacrifices accuracy
for speed. But the computational savings are so large that
one can side-step scale selection and instead exhaustively
compute features over a large range of scales. Empirically,
this multi-scale coverage increases performance. For de-
tails, refer to Section 4.

For contour detection, we start with computing per-point
contour probabilities with a binary semantic classifier, to
distinguish between points on contours and non-contours
(Fig. 2). Here we are not trying to strictly detect seman-
tic or geometric transactions. Instead for us contours are
more abstract and ill defined. In our framework users can
define contours by providing a training set for the semantic
classifier.

Second, it tries to find regularly spaced points with high
likelihoods, and link them into an over-complete graph of

candidate contours. In a final step, an optimal subset of
candidates is extracted with a higher-order random field, as
described in section 5. This procedure is in line with recent
computer vision and medical imaging research [46, 28].

Please note that we explicitely integrate information from
semantic multiclass classification into the contour classifi-
cation problem. The reason for this is, that labeling ground
truth contours in 3D space is tedious work. Thus the train-
ing set is smaller than the entire semantic3D.net training
set used to train the initial per-point, multi-class classi-
fier. Therefore, we extend the feature set of the semantic
classifier for contour detection with the class conditional
probabilities of an additional multi-class semantic classifion
stage. For the multiclass classification contour information
is used only implicitly by integrating contour features into
the feature set without an additional classification stage.

4. Semantic Classification

Semantic classification of large point sets is a computa-
tionally demanding problem. The main bottleneck turns out
to be the computation of the point neighborhoods, which is
required to compute geometric features. We approximate
neighborhoods with multi-scale pyramids, so that small vol-
umes can be described with a small number of neighbors at
a fine scale and large volumes with a small number of neigh-
bors at a coarse scale. The feature set described in section
4.2 extends the work of [48] to multi-scale, and adds new
features that aim at contour extraction. Details of our train-
ing routine are given in section 4.3.

4.1. Neighborhood approximation

Typically, search methods are either of geometrical na-
ture, like radius search, or select the k nearest neighbours.
From a conceptual point of view radius search has advan-
tages because a constant radius guarantees that always the
same volume is covered. Yet, radius search is impracti-
cal for large radii in very dense point clouds due to its
high computational cost. Another disadvantage of radius
search is the varying number of neighbours (in the worst
case none), which can be a problem for further computa-
tions. The alternative, k nearest neighbors, can be seen as
an adaptive version, in which the radius is increased until
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Fig. 3. Sampling a point cloud at different scales (denoted by colors) reveals different properties of the underlying surface – here different surface
normals (colored arrows).

it includes exactly k neighbors. For constant point density,
both search strategeis give the same output.

Here, we prefer k nearest neighbors over radius search,
and approximate constant point density in sufficiently dense
parts of the point cloud by performing uniform down-
sampling with a voxel grid filter. A range of different voxel
sizes are used for voxel grid filtering, so as to enable effi-
cient neighbour search across different scales [3]. The re-
sulting set of search trees forms a multi-scale pyramid, sim-
ilar in spirit to a discrete image scale space. It has been
shown that features extracted with a small neighborhood
of k = 10 are more discriminative than larger neighbor-
hoods [49]. We apply this insight to our problem and use
k = 10 to search within each of the scales of our pyra-
mid. While fine scales capture detailed information of the
surface, coarser scales cover a larger search volume by se-
lecting k = 10 representative samples. This strategy greatly
improves the computational efficiency. Another beneficial
effect is the reduced size of the search trees. Uniform
down-sampling reduces the point cloud size, and hence also
the search tree size, which significantly speeds up search
queries especially for coarse scales1.

4.2. Feature extraction

Our set of features is designed for purely point-based
classification, given points and their nearest neighbors. We
refrain from using colour or intensity information, which
is not always available, and empirically did not improve the
classification in our tests. We work with local neighborhood
PN of point p because for large point clouds it becomes
quickly infeasible to generate features based on much larger
neighborhoods (“neighbors of neighbors”) due to memory
and computational limitations. We follow [48] and use 3D
features based on eigenvalues λ1 ≥ λ2 ≥ λ3 ≥ 0 and cor-
responding eigenvectors e1, e2, e3 of the covariance tensor
C = 1

k

∑
i∈P(pi − p)(pi − p)>, where P is the set of k

nearest neighbors and p = medi∈P(pi) is its medoid. The
original feature set covers object boundaries only weakly.
For this reason we introduce two additional features. Our

1Conceptually similar alternatives like hierarchical octrees [10] exist,
but are not investigated here.

first addition to the feature set is the normalized first or-
der moment around the largest eigenvector, which we use
to identify boundaries between surfaces with different point
density.

O =
m 2
↑

m⇑
with m↑=

∑
n∈PN

i

〈pn − pi, e2〉 ,

m⇑=
∑

n∈PN
i

〈pn − pi, e2〉2 .
(1)

Strictly, the momentum around the axis e1 is a 2D moment
in the e2e3 plane. However, on smooth surfaces (with an
object boundary) there is little variation along the e3 axis so
that we neglect e3 to obtain a 1D moment. This feature is
especially suited to identify occluding and occluded edges
following the nomenclature of [7], which defines occluding
edges as edges, which cast a shadow and dubs edges caused
by a shadow occluded edges.

Another property of edges are different orientations of
the separated surfaces. In order to identify points on dif-
ferent surfaces, we use the direction of the first eigenvector,
expected to point in the direction of the possible contour,
and split the neighborhood into two disjoint sets on either
side of the contour: di,n = 〈 pn − pi, e2 〉. The first set
P+ consists of points with a distance di,n ≥ 0, while the
remaining points are collected in P−. We take the medoid
within each of these subsets and use their scalar product as
additional feature:

P− = {pn ∈ PN |〈pn, e2〉 < 0} , P+ = PN \ P−

R =
∣∣〈 med

n∈P−
(nn), med

n∈P+
(nn)

〉∣∣ . (2)

Furthermore we introduce a line feature, where we again
make use of the distance of neighboring points to the eigen-
vector di,n. Points are divided into “near” neighborhood
Cnear of the dα ·Ne closest points to the tangent and a “far”
neighborhood Cfar consisting of the remaining points. For
each point we examine the local surface variation γn =
λ3/(λ1 + λ2 + λ3). The ratio between the average surface
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Fig. 4. Top Row: Feature values for O Bottom Row: Feature values for 1− R on example point cloud computed at 3 different scales: {0.025 m, 0.05
m, 0.4 m} from left to right.

Sum λ1 + λ2 + λ3
Omnivariance (λ1 · λ2 · λ3)

1
3

Eigenentropy −
∑3

i=1 λi · ln(λi)
Anisotropy (λ1 − λ3)/λ1

covariance Planarity (λ2 − λ3)/λ1
Linearity (λ1 − λ2)/λ1
Surface Variation λ3/(λ1 + λ2 + λ3)
Sphericity λ3/λ1
Verticality 1− |〈[0 0 1], e3〉|
1st order O

contour 2nd order m⇑
surface orientation R
line feature Q
Vertical range zmax − zmin

height Height below z − zmin
Height above zmax − z

Table 1. Our basic feature set consists of geometric features based on
eigenvalues of the local structure tensor, moments around the correspond-
ing eigenvectors, as well as features computed in vertical columns around
the point. Features in the center row are explicitly designed to capture
contour information.

variations of the two subsets serves as feature.

Q =
meann∈Cnear(γn)

meann∈Cfar(γn)
. (3)

The local structure tensor is computed from k =
10 points (current point plus 9 neighbors) over 9
scale levels, corresponding to voxels of side-length
[0.025, 0.05, 0.1, 0.2, 0.4, 0.8, 1.6, 3.2, 6.4]m. The feature
set is summarised in table 1. A visualization of some fea-

tures at different scales is given in Fig. 4.

4.3. Classification and training

For each point pi ∈ P we compute a feature vector xi
and train a discriminative learner to predict the class prob-
abilities p(ci|xi). By taking the argmaxci

(
p(ci|xi)

)
we

obtain the most likely class for point pi. We deploy a Ran-
dom Forest classifier, which is directly applicable to multi-
class problems, by construction delivers probabilities, and
has been shown to yield good results in reasonable time on
large point clouds [6, 49]. We run grid search with 5-fold
cross validation to find the best parametrization of the Ran-
dom Forest; in our case 50 trees and a depth of approxi-
mately 30, with the Gini-index as splitting criterion.

Training on large data sets in 3D space is challenging due
to memory restrictions. Furthermore, for polar recordings
like those of laser scanners or cameras, the class frequency
distribution depends heavily on the instrument’s position in
the scene. Surfaces near the sensor and perpendicular to the
ray direction will contribute much more training samples
than distant or slanted objects of the same physical dimen-
sions, hence the distribution learned from a few scans can
be severely biased. To resolve this issue in 3D space, a sim-
ple solution is to weight errors depending on their distance
and angle to the sensor, but to do so the sensor position for
every point must still be known. We follow a more prag-
matic approach; training data is uniformly down-sampled
with voxel grid filtering, so that the number of training sam-
ples on objects are approximately independent of the instru-
ment position. As a side effect the number of training sam-
ples in densely sampled regions is reduced. Consequently,
the training set can cover a larger region (in object space)

5



with the same memory footprint, which is preferrable to en-
sure the classifier generalises well.

In order to increase computational efficiency at test time,
we also scan the Random Forest to identify features that are
never used and therefore do not influence the result. These
features are not extracted from the test data. Usually al-
most all covariance-based features are used. Most impor-
tantly, the classifier uses at least some features from each
scale level. Since the most expensive computation (even if
it is done analytically) is to solve for eigenvector and eigen-
values once per scale, the gains from feature selection are
negligible for the basic features from Table 1.

Importantly, the memory footprint at test time is small,
and independent of the dataset size, since there is no need to
store feature vectors. The features xi of each point pi ∈ P
can be computed on the fly and discarded after classifica-
tion.

5. Contour Extraction

Our contour extraction is a three-stage approach in the
spirit of [46, 28, 13]. (i) We define what we understand as
contour by providing labeled training data and use this data
to train a discriminative classifier as described in Section
4. This discriminative learner is used to predict class prob-
abilities for a point being a contour or non-contour (back-
ground), which we use as low-level evidence for identifying
points, which are likely to be a contour; (ii) We transition
from a set of individual points to connected contour seg-
ments by selecting regularly spaced points with high con-
tour scores as seed points, and link them into a connected
graph as described in Section 5.1; (iii) Lastly, a (higher-
order) MRF on the over-complete graph of putative contour
segments helps to filter out false positives, Section 5.2.

5.1. Contour candidate generation

An important property of contours is their connectivity
over large distances. We follow a hypothesize-and-verify
strategy in order to discover long-range interactions. We
first generate an over-complete set of contour candidates,
and in a second step prune the set to optimal size. This
strategy delivers a contour graph in form of many linked
line segments, similar to wire-frame models, which do not
only consist of line segments but are a collection of linked
models, including line segments, b-splines or circles.

We generate contour candidates by selecting points of
high contour probabilities p(ci = 0|xi) as seed points, and
connecting with 3D shortest path search.

Voxel-grid non-maxima suppression
We uniformly sample seed points in the point cloud,

and reduce that initial set with a conservative heuristic for
Non-Maxima Suppression (NMS). Non-uniform sampling
would risk missing the true contour segment, unless short-
est paths are computed in a large neighbourhood around
each seed point; which would, in turn, inflate the set of
incorrect contour candidates and complicate the classifica-
tion in Section 5.2. For uniform sampling we once again

Fig. 5. Voxel-Non-Maxima Suppression: For each voxel the point with
the highest probability is stored. If nearby (blue circle) neighboring seed
points have a smaller probability they get suppressed (red points) unless
they are located in the direction of the expected contour e1 and are not too
close (red circle).

rely on a (sparse) voxel grid (Fig. 5), with s = 0.1 [m]
spacing.2 In a first stage we perform simple thresholding
p(ci = 0|xi) ≥ 0.5 on the most likely point per voxel,
so that we find an initial set of potential seeds. In a next
step, seed points are pruned that have a neighbour with
higher contour likelihood in PN , unless they are close to
the tangent of the contour, assumed to be the eigenvector
e1 of the covariance tensor at the neighbor with the highest
likelihood. Finally, points are also removed if they have a
more likely neighbour along the tangent within a distance
of < 0.5 · s.

Graph construction
In a next step a neighborhood graph is generated in order

to extract shortest paths between seed points. At this point
one must take care to correctly handle anisotropic variations
of the point density, most notably large differences between
horizontal and vertical point spacing, which stem from the
polar scanning of slanted surfaces, c.f. Fig. 6.

Our target is to keep the number of connections, and con-
sequently the memory footprint of the neighborhood graph,
small. For this reason we split the creation of the neigh-
borhood graph into two tasks. First, a k-nearest neighbor
graph with a small k1 = 5 neighborhood is extracted, which
is able to connect uniformly sampled areas but fails in the
anisotropic case. Second, disconnected regions are iden-
tified and connected. For this purpose a larger neighbor-
hood k2 = 50 is computed for each point. These neighbors

2Throughout this section, a number of model parameters need to be
chosen. These are mostly distances in metric object coordinates, which
are easy to derive for a given application. Values quoted refer to terrestrial
laser scans of settlement areas.
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Fig. 6. “Market Square” Laser-scan. While the horizontal point density decreases rapidly due to grazing scan rays, the vertical density decreases much
slower and “scan lines” become visible on the facades on the left. Various zooms are given. Please note that we suppressed responses on vegetation in
our training set, so that we intentionally do not want to detect contours in tree crowns.
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are then connected by using their precomputed k1 neighbor-
hood and reduced to a minimum spanning tree (MST) with
Prim’s algorithm. The MST edges are then merged with
the edges obtained by k1. Candidate contours are extracted
within this neighborhood graph by linking each seed point
with a maximum of β = 15 neighboring seed points in a
radius rlink = 0.85m via Dijkstra shortest paths.

The graph edge costs depend on the contour likelihoods
of the segment’s endpoints, and on the segment’s length (to
avoid unjustified short-cuts):

eij = 2− p(ci|xi) + p(cj |xj)

2
− d∗

‖pi − pj‖
, (4)

with ‖pi − pj‖ the Euclidean length of the edge between
pi, pj , and d∗ the smallest distance from either of the two
endpoints pi, pj to all other points. In practice it is unnec-
essary to perform shortest path search in the full graph con-
taining also nodes with a large distance. Instead, we run it
only within a local neighborhood 2 ·rlink. We note that more
sophisticated methods exist to construct an optimal graph,
for instance using ant colony optimization [46]. In our ex-
perience shortest path search is sufficient and yields results
of similar quality, while being a lot faster to compute.

5.2. Contour edge labeling
The extracted set of contour candidates is designed for

high recall, therefore it is over-complete and contains many
false positives. To prune false positives from the contour
graph we set up a MRF, where contour scores and spatial
arrangement of contour candidates are used for graph label-
ing. The connectivity of the graph naturally leads to higher-
order terms that suppress short isolated contours, minimise
the number of free endpoints and encourage closed con-
tours.

Unary Term
Standard MRFs consist of a unary term and one or sev-

eral prior terms. Our formulation follows this design. The
unary term encodes properties of the individual contour
candidates, such as statistics over the point wise contour
scores or the shape of the candidate. We develop a new de-
scriptor, coined cumulative shape context, which adapts the
ideas of the original shape context (SC, [1]) to our prob-
lem. The main idea of SC is to encode relative positions
vij = pj − pi of a point pi and its neighbors pj in a polar
histogram is directly applicable to 3D space. However, con-
tours do not consist of a single point pi but of many, there-
fore all points on a contour should be considered in order
to obtain a discriminative descriptor of a putative contour’s
shape. An additional requirement for our descriptor is scale
and rotation invariance. To achieve scale invariance and at
the same time simplify the descriptor to 1D, we discard rel-
ative distance and encode only directions, by normalising
the vectors. Rotation invariance is achieved by projecting
onto the canonical direction vse = pe − ps defined by the
start point ps and end point pe of the contour candidate.

Information from all points along the contour candidate is
merged by simply summing their individual histograms into

a single one: we visit every point pi in turn, and generate a
vector vij to each other point of the contour:

vij =
∥∥∥〈 vse

‖vse‖
,

vij

‖vij‖

〉∥∥∥ ∀ i, j∈{s, . . . , e} : i 6= j . (5)

vij is a 1D value and is added to a histogram with 5 equally
spaced bins. To encode overall straightness / curvature
of the contour candidate, we compute the same histogram
again, but this time normalised by projection onto tangent
(first eigenvector e1,i):

wij =
∥∥∥〈e1,i, vij

‖vij‖

〉∥∥∥ ∀ i, j ∈ {s, . . . , e} : i 6= j , (6)

The bin counts of both histograms z1(vij) and z2(wij)
form the first part of our feature vector to discriminatively
learn the unary term. Moreover, the feature vector also in-
cludes the contour likelihoods p(ci|xi) along the sequence
of points pi along the contour segment, again in the form of
two discrete distributions. The first one quantises the class
probabilities into a global histogram with 5 bins centered
at the probabilities {0.1, 0.3, 0.5, 0.7, 0.9}. The second
one retains some spatial information, by chopping the con-
tour sequence into 5 segments with equal number of points,
and computing their mean probabilities. Given these fea-
tures zi we again employ a random forest to learn the prob-
abilities p(g|z) that a candidate segment is part of a true
contour (gi = 1) or a false alarm (gi = 0), and pass the
log-likelihoods hi = − log p(gi|zi) as unary term into the
MRF.

Markov Random Field

By definition, contours should be long connected line
features rather than independent, short segments. We treat
the contour candidates as variables (nodes) in a graph and
encourage long chains of contour segments with a simple
Potts-type prior, which aims to to suppress segments that
cannot be connected, and encourage segments that close a
gap between their start and end nodes, linking up other can-
didates into longer contours (“start” and “end” are used for
linguistic convenience, the graph is undirected). Each con-
tour candidate li defines a clique `i that also includes all
other candidates with which it shares either the start node
or the end node. Denoting by Ls

i the set of contours that
connect to li at the start node, and by Le

i those which meet
li at the end node, we have

`i =



γ gi=1 AND ∀ lj ∈Ls
i ,Le

i :gj=0

(isolated contour)
δ gi=1 AND (∃ lj ∈Ls

i :gj=1 XOR ∃ lj ∈Le
i :gj=1)

(continuation only on one side)
0 gi=1 AND ∃ lj ∈Ls

i :gj=1 AND ∃ lj ∈Le
i :gj=1

(continuation on both sides)
0 gi=0

(candidate is not a contour)
(7)
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Method IoU OA t[s] IoU1 IoU2 IoU3 IoU4 IoU5 IoU6 IoU7 IoU8

Our 0.494 0.850 38421 0.911 0.695 0.328 0.216 0.876 0.259 0.113 0.553
HarrisNet 0.623 0.881 unknown 0.818 0.737 0.742 0.625 0.927 0.283 0.178 0.671
DeepSegNet 0.516 0.884 unknown 0.894 0.811 0.590 0.441 0.853 0.303 0.190 0.050
Image Based 0.391 0.745 unknown 0.804 0.661 0.423 0.412 0.647 0.124 0. 0.058

Table 2. Semantic3d benchmark results on the full data set with a training set of ∼ 1.7 · 109 points and a test set of ∼ 2.3 · 109 points.

Method IoU OA t[s] IoU1 IoU2 IoU3 IoU4 IoU5 IoU6 IoU7 IoU8

Our 0.542 0.862 1800 0.898 0.745 0.537 0.268 0.888 0.189 0.364 0.447
DeepNet 0.437 0.772 64800 0.838 0.385 0.548 0.085 0.841 0.151 0.223 0.423
Image Based 0.384 0.740 unknown 0.726 0.73 0.485 0.224 0.707 0.050 0.0 0.15

Table 3. Semantic3d benchmark results on the reduced data set with the same training set as the full challenge and a test set of ∼ 8 · 107 points.

These cliques are higher-order terms over a variable num-
ber of segments, but they can be computed efficiently, since
they only depend on direct neighbors. Higher-order render
MRF inference expensive, fortunately it turns out that satis-
factory minima of the energy

E =
∑
i

hi +
∑
i

`i. (8)

can be found with the Iterated Conditional Modes (ICM)
algorithm [2], which we use for its computational effi-
ciency [20].

Our graph is constructed such that overlapping candi-
dates are not penalized. Overlaps are needed to correctly
recover T-junctions and crossings that do not coincide with
a seed point. They are easily resolved in post-processing,
since the overlapping segments share the same vertices.

5.3. Postprocessing

The desired output of the contour detector is a wireframe
with few vertices linked by long, straight segments, which
can be further processed with conventional CAD software.
To get closer to such a minimal representation, while at the
same time reducing measurement noise, we employ line
simplification. Following [25] we separate the simplifica-
tion of junctions from the simplification of edges. Junction
simplification is implicitly handled in our framework, via
the MRF prior (Sec. 5.2). For contour simplification be-
tween junctions, we found that the classic Douglas-Peuker
algorithm yields good results [37].

6. Experiments

We have conducted experiments on the semantic3d.net
semantic 3D labeling challenge (www.semantic3d.
net). Since contour annotations are not available for that
dataset, we also test on a smaller set of terrestrial laser scans
with manually labeled contours 3.

3The same dataset has alreadt been used in [16].

The semantic3d.net benchmark provides terrestrial laser
scans from a variety of different urban and rural scenes, as
well as hand-labeled ground truth for 8 classes. The point
clouds are large: they have been recorded with state-of-the-
art terrestrial instruments and have a realistic (i.e., high)
point density. The training set consists of≈ 1.7 ·109 points,
and the test set of ≈ 2.3 · 109 points4.

The qualitatively similar, but smaller scan data set from
[15] also features high-density terrestrial scans from vari-
ous geographic locations, and includes ground truth con-
tour dense annotations for one scan, which is exclusively
used for evaluation of the entire framework as well as 14
sparsely labeled point clouds, of which five were used for
training while the rest was used for the evaluation of point-
wise contour evidence.

Our software is implemented in C++ using
the Point Cloud Library (pointclouds.org),
FLANN (github.com/mariusmuja/flann) for
nearest-neighbor search and the ETH Random For-
est Templates (https://edit.ethz.ch/igp/
photogrammetry/downloads/rforest.zip)
for discriminative learning. All experiments were run
on a standard desktop machine with Intel Xeon E5-1650
CPU (hexa-core, 3.5 GHz) and 64 GB RAM. Timings
always refer to that hardware configuration. We do par-
allelize across multiple cores with the help of OpenMP
(http://openmp.llvm.org), but note that a sig-
nificant speed-up would still be possible with extreme
parallelism on the GPU.

6.1. Experiments on the Semantic3d.net Benchmark

We reduce the very large number of training samples in
two ways: (i) The sub-sampling as described in section 4.3
is applied with a spacing of 1cm; (ii) We distort the class
frequencies so that the largest class has at maximum 4× the
number of training samples of the smallest class, by ran-

4A reduced test set with ≈ 79 · 106 points is also available, to allow
submissions from computationally very demanding algorithms. We run on
both versions for completeness
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Fig. 7. Precision-Recall curves for contour detection. Please note, each stage requires different ground truth, so values are not comparable across
diagrams. See text for details.

Fig. 8. Visual evaluation 1 to 3: left column: detected points on contour (blue); right column: original point cloud (black) with detected contour (red).
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Fig. 9. Visual evaluation 4 to 6: left column: detected points on contour (blue); right column: original point cloud (black) with detected contour(red).

domly picking training samples per class, which leads to a
total of 106 samples for training.

The depth of the Random Forest is estimated with Grid
Search and 5-Fold Cross-Validation over a parameter range
from 30 to 60 with a stride length of 3. In general more trees
yield slightly better results, but also linearly increase the
computational cost. The number of trees was empirically
set to 40 and the Gini index was used as splitting criterion
for interior tree nodes. Training and grid search took less
than one day for the 1 million training samples. The time
given is the time needed to classify the test set and includes
loading data from hard disk, feature extraction, classifica-
tion and saving of results.

The main metric of the benchmark is Intersection over
Union (IoU ), and its average IoU over all classes. IoU is

defined as follows:

IoUi =
cii

cii +
∑
i 6=j

cij +
∑
i6=k

cki
, (9)

where cij is the count of class i being predicted as j. IoU
is a a more sensitive error measure that does not saturate
as quickly as alternative metrics. It gives all classes equal
weight independent of their point count, and decreases
faster than the F1-score or average class accuracy as the
number of false positives (type-1 errors) or false negatives
(type-2 errors) increases. Additionally, the overall accuracy
(OA) and the runtime for the complete test set are given as
auxiliary measures.

Table 2 shows the results of our method on the full data
set, while table 3 compares our method with other baselines
on the reduced data set. Recently, there have been submis-

11



Fig. 10. Visual evaluation 7 to 9: left column: detected points on contour (blue); right column: original point cloud (black) with detected contour (red).

sion based on deep neural networks (HarrisNet, DeepNet)
with a higher IoU , which comes with high computational
costs and their methods are not published, yet. Neverthe-
less, we reach higher IoU and faster runtimes than competi-
tors based on traditional machine learning, as shown in [16].
We note that our method not only achieves good quantita-
tive results, but also offers practically viable runtimes even
with the current prototype software: classifying new point
clouds takes less than 3 minutes per 10 million points.

6.2. Contour Extraction

A database of 16 laser scans of urban scenes in differ-
ent countries were used for qualitative evaluation of the
contour extraction framework. One scan was manually la-
beled to serve as ground truth, with 101′614 points on con-
tours and 7′681′061 background points. The only baseline

for which we could find a 3rd-party implementation is the
Canny-style 3D edge detector in the Point Cloud Library.
In order to facilitate a meaningful comparison, the tree and
clutter classes are excluded. We are forced to do this to
avoid a complete failure of the baseline, which otherwise
generates huge amounts of false positives on those classes.
Making the task easier by excluding the worst distactors is a
significant bias against our integrated method: it has access
to the object class likelihoods, precisely because it jointly
addresses contours and semantic segmentation.

6.2.1. Pointwise Classification
In a first experiment the influence of semantic classifi-

cation on the detection of contours was tested with a fo-
cus on different feature sets. We also evaluated the perfor-
mance of multi-scale feature sets versus single-scale fea-
tures. We trained our Random Forest on 48, 964 positive

12



Fig. 11. Point wise score and final result.
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Fig. 12. The statistics show how the average length of contour segments changes by applying douglas peucker. Both graphs show that the length
decreases slowly while the number of points on the contour is reduced significantly, which is a desired behavior. The threshold is the parameter of the
Douglas-Peucker-algorithm.

and 85, 853 negative examples, captured in different cities,
and use precision-recall curves for the evaluation. The per-
formance of the different feature sets is shown in Fig. 7a.
Our feature subsets cover the features used in related meth-
ods, which either use curvature as feature or combine cur-
vature with occlusion features. In particular, single-scale
curvature and occlusion form the basis of RGB-D edge de-
tection in [7], while multi-scale curvature is the descrip-
tor used by [31]. In our comparison, we train a Random
Forest for each of the feature subsets, which can be ex-
pected to yield at least as good results as a single threshold
per feature dimension. This experiment shows that single-
scale detection does not perform well on large and com-
plex point clouds. Multi-scale curvature alone still misses
many clear and unambiguous contours, particularly along
occlusion boundaries. Our full feature set performs better
than the best feature subset and significantly better than the
baseline method.

6.2.2. Linewise Classification
We also assess the performance of the unary term for con-

tour segment classification. The classifier was trained on a
set of 1862 true contour candidates and 832 negatives. Note
that each of these candidates consists of multiple points. We
again used grid search with the same settings as in the previ-
ous experiment for training. The evaluation was performed
on a test set with 2227 positive and 1013 negative samples.
Here, we compare against the naive baseline feature set con-
sisting only the per-point contour likelihoods p(ci = 0|xi),
where we use the histograms from the full feature vector.
The results are shown in Fig. 7b. It can be seen that
adding information about the shape of contour candidates
improves the identification of actual contours up to ≈20
percent points, especially in the high-precision regime.

6.2.3. Full Framework
We evaluate our complete contour detector against the 3D

Canny of [7], which is the only published competitor in re-
cent literature, and the only method for which we found an
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Fig. 13. left) Histogram over points per contour segments, not broken up at junctions. right) A failure case: if objects with strong geometric structure
did not appear in the training set, then they tend to get high contour scores. Red highlights windows with sun blinds. Sun blinds were not covered in our
training set and cause many false positives.

Terrestrial All features no contour features
Laser Scans Recall Precision IoU Recall Precision IoU
Man made terrain 0.8758 0.9433 0.9083 0.8757 0.9627 0.9171
Natural terrain 0.8809 0.8921 0.8864 0.9064 0.8774 0.8916
High vegetation 0.9129 0.8102 0.8585 0.8086 0.9254 0.8631
Low vegetation 0.6496 0.4021 0.4967 0.6356 0.5364 0.5818
Buildings 0.9592 0.9878 0.9733 0.9726 0.9813 0.9769
Remaining hard scape 0.7879 0.4878 0.6025 0.8419 0.4743 0.6068
Scanning artefacts 0.5127 0.4595 0.4847 0.3995 0.5039 0.4457
Overall accuracy 0.9215 0.9187
IoU -score 0.6514 0.646

Table 4. Quantitative results for terrestrial laser scans.

accessible implementation (in PCL). This method requires
“organised point clouds”, which are essentially the same as
height maps, i.e. they have a 2.5D grid structure. We convert
individual scans to “organised clouds” by cube-mapping,
noting that 3D Canny in the proposed form is not applicable
if the sensor position is unknown, or when the point cloud
has been recorded dynamically from a moving platform.

At this point the evaluation faces a subtle, but impor-
tant problem: the Canny baseline does not return line seg-
ments, but only a list of all points that form part of a line.
For this reason, our evaluation is only based on point-wise
scores. However, our full framework is designed to ex-
tract contours in form of a graph, and (during NMS and
shortest path search) intentionally discards many point that
are not needed to trace the contour. We emulate this sub-
sampling of the points along detected contours by ignoring
all false negatives with lie within 3 cm of either a true posi-
tive or an already counted false negative. With this filtering
we account for the dropped points. Gaps larger than 6 cm
still count as false negatives, and alarms where there is no
ground truth contour still count as false negatives. As a
consequence of the filtering, the graph in Fig. 7c is not a
true precision-recall curve over the complete, original point
cloud, but it displays the most meaningful comparison we
could come up with. One can see that the proposed per-
contour scores based on contour likelihoods and shape con-

sistently beat the pure likelihoods , and that our higher-order
context model (including the connectivity prior) greatly out-
performs the discriminatively trained low-level evidence.
The latter already works dramatically better than the 3D
Canny, although we made our best effort to tune the base-
line for maximum performance.

The final output of our contour detector is a graph of con-
tour edges which connect vertices that are 3D points from
the original point cloud as shown in (Fig. 11). In that graph,
the average length of a single contour is 187 points, respec-
tively 3.7m in metric world units for our specific urban out-
door scan data. The median is 28 points, respectively 0.5m.
The full histogram of the extracted contours’ length is also
shown in Fig. 13. For post-processing we split up the graph
at junctions and smooth individual segments with the Dou-
glas Peucker algorithm. The effect on the segment length
between two junctions is shown in (Fig. 12). It can be seen
that line simplification has only a small impact on the seg-
ment length but a large impact on the average number of
vertices and quickly converges to 2, the minimum number
of vertices.

Additionally, several point clouds with in total more than
3·108 points were evaluated visually. Representative results
are shown in Fig. 8 to Fig. 10.
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Fig. 14. Precision Recall for pointwise contour labeling.

6.2.4. Failure cases
Errors of our detector are mainly caused by two effects:

(i) if there are independent contours with a small distance
(< s) the framework will hallucinate erroneous connections
between them; (ii) if the classifier encounters unusual point
configurations dissimilar to those seen in the training data,
it tends to produce false positives.

6.3. Impact of contour features on multi-class classification

In order to show the impact of contours on the perfor-
mance of a multi class classifier we perform an experiment
based on the data set of [16]. The training set consists of
∼ 2 · 108 points with 7 classes, while the test set consists
of ∼ 3 · 108 points. We train two different classifiers. The
first version contains all features designed for contour de-
tection and multi class classification. The second version
uses only the subset of features, which have not been ex-
plicitly designed for contour detection. This includes O,
R, Q and m⇑ . We again use grid search and 5-fold cross-
validation to estimate the depth of the Random Forest and
train with Gini-impurity as splitting criterion. On this data
set the full feature set performs slightly better than the one
without contour features; ∼ 0.5% in IoU amd ∼ 0.3% in
Overall Accuracy. This shows that multi-class classifica-
tion slightly benefits from features, which encode contour
information.

6.4. Impact of multi-class classification on contours

Recall that we have labeled contours (to train the contour
classifier) only for a relatively small set of data compared to
the size of the dataset used for multi-class classification, be-
cause labeling contours in 3D space is tedious work. In or-
der to still make use of the information contained in the en-
tire multi-class training data, the feature vector of the con-
tour detection was extended with class conditional proba-
bilities of the multi-class classifier. The assumption is that
(i) these additional probabilities from the full, much larger
training data set might help the contour classifier to better
generalize and that (ii) transitions between specific classes
(e.g., roof and facade) might be a strong hint at contours.

To verify the benefit of adding probabilities from the
multi-class classifier, we perform an experiment similar to

Fig.7a using the data sets from section 6.2.1. It turns out
that, in fact, contour detection benefits only slightly from
the multi-class classifier. Small performance improvement
by few percent points is recognizable in the high precision
region in Fig. 14, whereas the gain is marginal in low pre-
cision regions. Multi-class scores from the full training
dataset seem to add only few extra evidence in our case.
This outcome shows that, although rather small, the train-
ing dataset seems to be sufficiently large to implicitly learn
semantic classes for contour detection even without any di-
rect feedback from the multi-class classifier. Although it
is only a binary classification problem, the contour detector
learns to neglect potential contours on vegetation, e.g. trees,
while firing on contours at building edges.

7. Conclusion

We have described a novel approach for semantic classifi-
cation and contour extraction, which is able to handle large
data sets of unstructured point clouds very efficiently while
achieving state-of-the-art performance. Because contours
are ill-defined and not easy to explicitly describe with a set
of ad-hoc rules, we prefer to also cast contour detection as
a machine learning problem and let the classifier learn rel-
evant contour evidence directly from the data. Contour de-
tection benefits significantly from prior point-wise seman-
tic classification. Our methods are fast enough for point
clouds of realistic size. Moreover, they reach practically in-
teresting accuracies: precision and recall of semantic seg-
mentation are > 85% for most major object classes, which
is well above the often quoted usability threshold of 80%.
And contour detection reaches ≈ 85% recall at 90% preci-
sion, which also is a healthy basis for subsequent intera-
tive modelling in a CAD system. We thus hope to soon see
widespread deployment of automatic interpretation meth-
ods in point cloud processing software.

References

[1] Belongie, S., Malik, J., Puzicha, J., 2002. Shape
matching and object recognition using shape contexts.
IEEE transactions on pattern analysis and machine in-
telligence 24 (4), 509–522.

[2] Besag, J., 1986. On the statistical analysis of dirty pic-
tures. Journal of the Royal Statistical Society. Series B
(Methodological), 259–302.

[3] Brodu, N., Lague, D., 2012. 3d terrestrial lidar data
classification of complex natural scenes using a multi-
scale dimensionality criterion: Applications in geo-
morphology. ISPRS Journal of Photogrammetry and
Remote Sensing 68, 121–134.

[4] Canny, J., 1986. A computational approach to edge
detection. IEEE Transactions on pattern analysis and
machine intelligence (6), 679–698.

[5] Charaniya, A. P., Manduchi, R., Lodha, S. K., 2004.
Supervised parametric classification of aerial lidar

15



data. In: Computer Vision and Pattern Recognition
Workshop, 2004. CVPRW’04. Conference on. IEEE,
pp. 30–30.

[6] Chehata, N., Guo, L., Mallet, C., 2009. Airborne li-
dar feature selection for urban classification using ran-
dom forests. International Archives of Photogramme-
try, Remote Sensing and Spatial Information Sciences
38 (Part 3), W8.

[7] Choi, C., Trevor, A. J., Christensen, H. I., 2013. Rgb-
d edge detection and edge-based registration. In: In-
telligent Robots and Systems (IROS), 2013 IEEE/RSJ
International Conference on. IEEE, pp. 1568–1575.

[8] Demantké, J., Mallet, C., David, N., Vallet, B., 2011.
Dimensionality based scale selection in 3d lidar point
clouds. The International Archives of the Photogram-
metry, Remote Sensing and Spatial Information Sci-
ences 38 (Part 5), W12.

[9] Dohan, D., Matejek, B., Funkhouser, T., 2015. Learn-
ing hierarchical semantic segmentations of lidar data.
In: 3D Vision (3DV), 2015 International Conference
on. IEEE, pp. 273–281.

[10] Elseberg, J., Borrmann, D., Nüchter, A., 2013. One
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