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Layer-Wise Floorplan Extraction for Automatic
Urban Building Reconstruction
Wei Sui, Lingfeng Wang, Bin Fan, Hongfei Xiao, Huaiyu Wu, and Chunhong Pan, Member, IEEE
Abstract—Urban building reconstruction is an important step for urban digitization and realisticvisualization. In this paper, we propose
a novel automatic method to recover urban building geometry from 3D point clouds. The proposed method is suitable for buildings
composed of planar polygons and aligned with the gravity direction, which are quite common in the city. Our key observation is that the
building shapes are usually piecewise constant along the gravity direction and determined by several dominant shapes. Based on this
observation, we formulate building reconstruction as an energy minimization problem under the Markov Random Field (MRF)
framework. Specifically, point clouds are first cutinto a sequence of slices along the gravity direction. Then, floorplans are reconstructed
by extracting boundaries of these slices, among which dominant floorplans are extracted and propagated to other floors via MRF. To
guarantee correct propagation, a new distance measurement for floorplans is designed, which first encodes floorplans into strings and
then calculates distances between their corresponding strings. Additionally, an image based editing method is also proposed to recover
detailed window structures. Experimental results on both synthetic and real data sets have validated the effectiveness of our method.
Index Terms—3D reconstruction, 3D modelling, image based modelling, point clouds
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1

INTRODUCTION

A

building reconstruction from point clouds
has attracted tremendous attentions from researchers,
for its potential applications in fields such as urban planning, virtual reality, civil protection and 3D printing [1]. In
last years, 3D data acquisition has experienced great advances ranging from range scans to image based methods.
Among various data acquisition techniques, image based
methods are the most convenient and commercial way so
far. The Bundler algorithm proposed by Snavely et al. [2],
followed by the Patched based Multi-view Stereopsis
(PMVS) algorithm proposed in [3] is a widely used procedure to generate dense point clouds based on images.
Despite of the development of point cloud acquisition
techniques, automatic building reconstruction is still a challenging task. One problem is caused by data deficiency as
the acquired data are usually unstructured, noisy and
incomplete. Another problem is from the high complexity
of building structures, which makes the models hard to be
represented. To remedy data imperfection, a number of
methods [4], [5], [6] apply priori assumptions to reconstruction. These methods are usually based on the extraction
and reasonable arrangement of primary elements.1 Unfortunately, it is very hard to accurately extract primary elements
from real data as well as to describe the spatial relations
among them.
UTOMATIC

1. The primary elements here refer to spatial objects that can be
parameterized, such as plane, cuboid, sphere and cylinder, etc.
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Another cluster of methods [7], [8] aim at solving the
model representation problem by parameterizing the models. In these methods, shapes of buildings are controlled by
several parameters and the reconstruction is accomplished
via parameter optimization. However, due to strong priori
assumptions, these methods are only suitable for a small
types of buildings. Surface reconstruction methods [9], [10],
[11], [12], [13], [14] solve the above problems by recovering
surfaces from points while ignoring the building structures.
As a consequence, these methods suffer from redundancy
since they have to generate high resolution meshes to reconstruct sharp features (edges, facets, and corners, etc.).
What’s more, all the noise is not identified in the reconstruction process, which results in errors.
In this paper, we propose a novel automatic method for
urban building reconstruction. Our method is motivated by
the observation that building shapes are usually piecewise
constant along the gravity direction in terms of floors,2
which covers most buildings in urban area. An example is
illustrated in Fig. 1, where a building is composed of planar
polygons and aligned with the gravity direction. The piecewise variation of building shapes indicates that: (1) Floorplans are piecewise constant along the gravity direction,
and hence dominant floorplans can be reliably extracted
from smooth regions. These dominant floorplans indeed
determine the whole building structures. (2) Local consistency exists among flooplans, which makes MRF naturally
suitable for our problem. Based on this, an MRF is constructed on all the floorplans to refine them into a compact
model, which ensures that only dominant floorplans are
2. In our method, point clouds are divided into a sequence of floors.
Similar method is commonly utilized in medical image processing,
which is known as slice technology. The obtained floors or slices usually share local consistency in terms of shapes. Therefore, we reconstruct a floorplan for each floor which essentially describes the floor
shape.
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Fig. 1. Illustration of our assumption for building structures. In this example, building shapes are piecewise constant along the gravity direction
(see left figure for details) and are constituted of two types of dominant
floorplan (see right figure for details). The floorplans are also piecewise
linear, and hence, the building is piecewise planar and composed of vertical walls.

considered. Both dominant floorplan extraction and MRF
construction require an accurate distance measurement for
floorplans. We proposed a new distance measurement
which first converts floorplans into strings, and then calculates distances between these strings indirectly. The pipeline
is demonstrated in Fig. 2.
The proposed method provides a framework for urban
building reconstruction that avoids detecting primary elements and exploring their spatial relations. It can naturally
achieve feature preserving, which makes it able to process
point clouds containing sharp features. The resulting models of our method are polygons with small face count. The
conciseness of models not only ensures the efficiency for
rendering but also makes the reconstruction immune to
data deficiency. The main contributions of our paper are
summarized as follows:




The main body of our framework is fully automatic,
and only a small amount of user interaction is
required if detailed windows structures are needed.
Thus, our method can minimize the manual labour
while generating satisfying models.
Instead of the Manhattan World (MW) assumption in
traditional methods [5], [8], our method is based on
the piecewise planar and vertical wall assumption
(see Fig. 1 for details). Under the MW assumption,
buildings have three mutually perpendicular directions, while under ours, buildings can own more
dominant directions which neither need to be
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perpendicular to each other. The general structure
assumption indicates a wider application of our
method.
 A new distance measurement for floorplans is
designed to guarantee the reconstruction accuracy.
New grammar based encoding rules are proposed so
that each floorplan can be represented by one or several strings (see Fig. 6 for details). These encoding
rules combined with the edit distance [15] provide
an accurate distance measurement for floorplans.
The remainder of this paper is organized as follows: In
Section 2, we make a brief review on related approaches.
Section 3 presents the proposed floorplan reconstruction
method. New grammar encoding rules and the energy
based model refinement are introduced in Section 4. Section
5 elaborates the image based editing method for fine-gained
models. Then, in Section 6 experimental results are reported
and analysed. Finally, we draw conclusions in Section 7.

2

RELATED WORK

Urban building reconstruction has been extensively studied
by researchers from both computer graphics and computer
vision community. In this section, we provide a brief review
of methods most related to our method. According to the
mechanism, these methods can be roughly categorized into
two classes: primary element based methods [4], [5], [6], [8],
[16], [17], [18], [19], [20], [21], [22], [23], [24], [25] and surface
reconstruction based methods [9], [10], [11], [12], [13], [14].

2.1 Primary Element Based Methods
Primary element based methods usually begin with detecting
primary elements from 3D point clouds or 2D images. Final
models are obtained by properly arranging the extracted primary elements guided by their spatial relations. The main differences of these methods lie in the way of detecting primary
elements and representing their spatial relations.
Full automation is one of important goals in many computer based reconstruction methods. Chen and Chen [17]
proposed an automatic framework for reconstructing piecewise planar architectures from sparsely scanned range data.
In their method, polygons are extracted directly from point
clouds and their spatial relations are represented via an
undirected graph. Models are obtained by searching special

Fig. 2. The pipeline overview of our method. The input are 3D point clouds as well as 2D images, and the output are polyhedral models. Input point
clouds are divided into slices along the gravity direction after the data preprocessing. For each slice, a floorplan is automatically reconstructed. An
energy based method is applied to optimize all the floorplans through which a polyhedral model is obtained. Building details (such as windows) are
further recovered via an image based editing method.
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circuits in this graph. Their method applies to more general
types of buildings than our method, however, accurate and
complete detection of primary elements is almost impossible for imperfect data.
To remedy data defects, high level priori knowledge is
applied by [6], [8]. Lin et al. [6] presented a system aiming
at reconstructing piecewise planar and block-level symmetric residential houses. Input clouds are iteratively decomposed and fitted into basic blocks until a plausible
configuration of these blocks is reached. Their method is
effective and robust but the structure assumption is restrictive. A kind of MW grammars are presented in [8], with
which the shape of each floorplan in buildings is controlled
by several parameters. Their method proves to be effective
for MW buildings composed of three fixed forms of floorplans. Although our grammar rules for encoding are
inspired by [8], they are essentially different, i.e., their
method is parametric and only available for flooplans with
specific shapes, while our method is non-parametric and
adaptive to less restrictive floorplans.
Recently, Nan et al. [25] proposed to fuse both 3D point
clouds and 2D images to extract repetitive primary elements. Their method focuses on detailed facade reconstruction and generates quite impressive results. Different from
their methods, ours is not designed for fine facade reconstruction. Alternatively, our framework recovers detailed
structures through an image based method with small
amount of interaction.
Although automatic methods are able to save large quantity of labour, their resulting models are usually coarse and
error prone. To obtain more accurate and detailed models,
a number of interactive methods [16], [18], [19], [20], [21],
[22], [23] are proposed. The first group are based on
registering manually marked features across multi-views.
Debevec et al. [16] first developed an interactive building
modelling system called “Facade”, which treats urban
buildings as the arrangement of blocks (polyhedral shapes
in their paper). Based on this work, several similar pipelines
[18], [19], [20], are proposed with some extra structure constraints such as parallelity and orthogonality. These methods usually produce quite detailed results. However, when
the number of views increases, the manual interaction
becomes tremendous. To reduce labour interaction, another
group of methods combine the Structure From Motion
(SFM) results. Modelling systems for video and unordered
photographs were presented by Hengel et al. [21] and by
Sinha et al. [22] respectively. These interactive methods can
obtain detailed structures but the amount of interaction is
still large for complex scenes.
Recently, Arikan et al. [23] proposed a semi-automatic
framework for piecewise planar architectures. From dense
points, coarse models are first automatically generated by
extracting polygons and snapping them to their neighbours.
User interaction is then incorporated to remedy data deficiency and recover detailed structures. Their method minimizes the amount of interaction while generating satisfying
results. In general, there are two challenging problems existing in primary element based methods: First, primary element detection is not reliable due to data deficiency.
Second, spatial relations among the detected primary elements are usually hard to acquire and describe.
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2.2 Surface Reconstruction Based Methods
Another large group of methods treat modelling from point
clouds as a surface reconstruction problem, which suppose
that point clouds are sampled from a spatial surface. Hence,
the surface can be recovered by fitting [9], [10], or interpolation [11] based on these samples. The Delaunay Triangulation algorithm [11] recovers the surface by interpolating a
set of triangulations satisfying Delaunay properties. This
method is easy to implement but sensitive to noise. Moreover, it can not process holes in point clouds. Radial Basis
Function (RBF) surface reconstruction [9] and Poisson surface reconstruction [10] are typical methods that reconstruct
surface by fitting implicit functions to oriented points. They
are robust to noise and can fill holes. However, the local
smoothness hypothesis will damage sharp features. To
solve this problem, structure preserving based methods
[12], [13], [14] are proposed.
Cheng et al. [13] first designed a kind of “protecting ball”
to preserve sharp features. Inspired by [13], Salman et al.
[12] presented a method incorporated with global implicit
functions. Recently, a resampling strategy [14] was proposed
to manipulate points near sharp features, and hence
expected facets can be preserved during the Delaunay Triangulation process. In this kind of methods, satisfying results
can be acquired only when sharp features are accurately
detected and carefully manipulated. Despite of full automation, surface reconstruction based methods usually need to
generate high resolution meshes to recover sharp features.
As a consequence, the reconstructed surface will be quite
redundant. Moreover, noise is not identified in the reconstruction process, which may disturb the resulting surfaces.
Wu et al. [24] proposed a novel schematic surface reconstruction for architectures with planar transport explaining
a floorplan and profile curves capturing vertical variations
of the surface. Despite of the effectiveness of this method,
their results are not compact enough to represent building
shapes. Moreover, their floorplan curves obtained through
signed distance field can not preserve sharp features. On
the contrary, models generated by our method are compact
and feature preserving.

3

AUTOMATIC FLOORPLAN EXTRACTION

In this section, we introduce an automatic method for
extracting floorplans from slices. Our method is carefully
designed such that it can preserve sharp features in floorplans. Specifically, point clouds are divided into slices after
a preprocessing (see Fig. 2 for details). With the assumption
that floorplans are piecewise linear, we first conduct refinements on both normal and position to obtain straightened
edge regions. Line segments are then extracted from these
regions and linked to enclosed floorplans. To further
improve the floorplan quality, a refinement guided by structure prior is finally performed.

3.1 Data Collection and Preprocessing
A hand camera is used to collect ground level images of
buildings in our method. We run the standard procedure
Bundler + PMVS to obtain dense oriented 3D points from
collected images. After that, three steps of preprocessing are
conducted.

1264

IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS,

Attitude adjustment. We adjust the attitude of the scene by
registering the vertical direction of the building to the gravity direction. This adjustment ensures that building shapes
are piecewise constant along the gravity direction.
Non-planar regions filtering. Since our method is designed
for piecewise planar buildings, we apply a simple method to
coarsely filter out non-planar regions. For each point, a
covariance matrix M is calculated with respect to its K nearest neighbours (K ¼ 30 in this paper). Supposing the eigenvalues of M are 1 , 2 and 3 , sorted in a non-ascend order, a
ð

0:02ð1 þ2 þ3 Þ

Þ

3
. When the
confident rate is defined as k ¼ 1  e
regions change from planar to non-planar, k changes from 1
to 0. A threshold Tk is chosen for each point cloud by the way
that 85 percent points are belonging to planar regions. Tk can
be treated as an indicator measuring the quality of the point
cloud. The larger this value is, the better the quality is.
Dominant direction extraction. Urban buildings usually contain several dominant directions. These dominant directions,
which can be utilized as prior for floorplan extraction and
refinement, are obtained through a hierarchical clustering
method. Specifically, each point is treated as a cluster at start
with the clustering center being it’s normal direction. Then
for each iteration, two clusters with closest normal directions
are merged into one and the clustering center is updated
accordingly. This process is repeated until terminating conditions are satisfied. Only directions (clustering centres) perpendicular to the gravity direction and with a large cluster size
are remained as dominant directions, denoted as C ¼ fc1 ; c2 ;
. . . cNC g, where NC is the number of the dominant directions.
After the preprocessing, point clouds are cut into floors
along the gravity direction. All the points belonging to the
same floor are projected onto the horizontal plane and
form a corresponding slice (see Fig. 2 for details). Slice
data usually contain a lot of noise and outliers, which
severely corrupt the underlying linearity of floorplans. To
recover the linearity, refinements on both normals and
positions are conducted.

3.2 Normal Refinement
To consolidate point normals, we perform a normal refinement which consists of two steps: normal reconstruction
and MRF based multi-label assignment. The latter considers
both structure prior and local consistency simultaneously,
with the former providing a good initialization.
3.2.1 Normal Reconstruction
Suppose we have NP points for each slice, and the ith point
is represented as pi ¼ ðxi ; ni Þ, where xi and ni are its position and normal respectively. To preserve sharp features,
normals are reconstructed via an energy based method with
anisotropic weights. The energy is formulated as follows:
NP  X
X

 

En ¼
kni  nj k2 ’ kxi  xj k c ni ; nj
i¼1 j 2 N i
(1)

þ akni  n0i k2 ;
where N i is the neighbourhood of the ith point, a is a balancing parameter and n0i is the initial normal of the ith
point. The first term measures the difference between two
neighbouring normals, and the second term guarantees that
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the normal does not vary far from the initial one. ’ðÞ and
cðÞ are spatial and normal weighting functions defined as
 2

2
1nT nj
 d2
(2)


 1 cosi ðs Þ
sp
n
’ðdÞ ¼ e
; c n i ; nj ¼ e
;
where d is spatial distance between two points pi and pj , s p
and s n are two predefined parameters.
Eqn. (1) can be effectively solved by gradient-based
method, in which the iteration update (for the ith point) is

 

P
0
j2N i nj ’ kvi  vj k c ni ; nj þ ani


 
P
:
(3)
ni
j2N i ’ kvi  vj k c ni ; nj þ a
During implementation, the parameters are experimentally
set as follows: s n ¼ 20 , s p ¼ 0:1 and a ¼ 0:1. Some results
can be seen in Fig. 3b.

3.2.2 MRF Based Multi-Label Assignment
Since we have obtained the dominant directions of the
buildings in Section 3.1, the normals can be further refined.
To achieve this, we propose an MRF based multi-label
assignment model, which is defined as
E ðX Þ ¼ Ed ðX Þ þ Es ðX Þ;

(4)

NP
fli gi¼1

where X ¼
is a label assignment for all points (li is
the label for the ith point) and  ¼ 1:0 is a positive weighting parameter. It is worth noting that the candidate labels
are the dominant directions, i.e., li 2 C. The first data term
Ed ðX Þ is defined as
NP
X
Ed ðX Þ ¼
kli  ni k2 ;
(5)
i¼1

while the second smoothness term is
NP X
X
dðli ¼ lj Þ;
Es ð X Þ ¼

(6)

i¼1 j2N i

where dðli ¼ lj Þ represents the Dirichlet function. The
energy Eqn. (4) can be fast minimized via Graph-cut [26].
The normal refinement results can be seen in Fig. 3c.

3.3 Position Refinement
To further recover the linearity of slice points, we refine the
position of each point by displacing it along its normal
direction. To preserve sharp features, all points are first
clustered into edge regions (see Fig. 3d) and position refinements are then conducted on each edge region individually.
Similar to normal refinement, an energy function is defined
as follows:
NP X
X
2 

 

Ep ¼
knTi xi  xj k2 ’ kxi  xj k c ni; nj
(7)
i¼1 j2N i
þ bkxi  x0i k2 ;
where x0i is the initial position of ith point and
xi ¼ x0i þ tni . In Eqn. (7), the only variable is t, which can
be approximately optimized by a gradient-based method.
The iteration is

 

 
P
T
0
j2N i ni xj  xi ’ kxi  xj k c ni  nj


 
P
:
(8)
t
j2N i ’ kxi  xj k c ni  nj þ b
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Fig. 3. The process of floorplan reconstruction. The purple dots are the points and the cyan lines represent their normals. The resulting points are
down sampled for clarity. Colored rectangles depict close ups to show effects of the normal and position refinement. (a) Input slice data. (b) Results
of normal reconstruction. (c) MRF based multi-label assignment for normal refinement. Each color represents a dominant direction. There are 12
dominant directions in this example. (d) Edge regions obtained through a region growing algorithm. Each color represents an edge region. (e) The
results of position refinement and line segment extraction. Blue circles are the endpoints of edges. (f) Results of floorplan reconstruction. Blue circles
are the corners and purple lines are the edges.

3.4 Floorplan Extraction and Refinement
After the position refinement, edge regions are strongly
straightened. Then for each edge region, a line segment is
extracted via simple least-squares fitting. All the line segments are finally linked to an enclosed floorplan via a region
growing method. Specifically, the linkage starts from the
longest line segment. At each time, the line segment nearest
to the seed is added to the current path. This process is
repeated until no line segments are left (see Algorithm 1 for
details). In our method, a floorplan may contain several isolated components. Due to data defects, the extracted floorplans may have flaws or redundancies. We propose several
strategies to further refine the floorplans:





Floorplan completion. For the regions where points are
missing we add line segment hypothesis to enclose
the floorplan. The added line segment is then
adjusted according to dominant directions through a
rotation around its center (Fig. 5a).
Vertices snapping. Adjacent intersecting line segments
are snapped into their corners (Fig. 5b).
Vertices merging. Vertices that are close enough to
each other are merged as one point (Fig. 5b).



Redundancy elimination. Redundant vertices are eliminated to keep the floorplan concise (Fig. 5d).
The above method is bottom-up with a simple assumption that the floorplans are piecewise linear. Compared with
existing methods [5], [23], [27], the proposed method has
the advantage that it can be applied to less restrictive types
of floorplans including non-MW (see Fig. 4d) or ones with
multiple components (see Fig. 4e). This advantage benefits
from two aspects: (1) the reliable normal and position
refinements provide high quality data; (2) the relaxed piecewise linear assumption makes our method suitable for more
types of floorplans. In Fig. 4, we present some results for different types of floorplans.

4

ENERGY MINIMIZATION BASED MODEL
REFINEMENT

Floorplan extraction is conducted on each slice which generates a sequence of isolated floorplans. We observed that
building shapes usually change piecewise along the gravity
direction in terms of floors. It indicates that: (1) The floorplans are piecewise constant so that a dominant floorplan
can be reliably extracted for each smooth region. (2) Local
consistency exists among floorplans which makes MRF
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Fig. 4. More results of floorplan reconstruction. The first row shows the input slice data. Purple dots are the points and cyan lines are their normals.
The second row illustrates the final reconstructed floorplans. Blue circles and purple lines demonstrate the corners and edges respectively.

Fig. 5. Rules for floorplan refinement. (a) Floorplan completion. Hypothetical line segments are automatically added to enclosed the floorplans. The
yellow dash line represents the added line segment. The red dash line is the line segment after direction adjustment. (b) Vertices snapping. Vertices
of two neighbouring line segments are snapped to their intersection point. The yellow vertex is the intersection point, and vertices marked with dash
circle are those to be displaced. (c) Vertices merging. Vertices too close to each other are treated as the same vertex and will be merged into one.
(d) Redundant vertices elimination. Vertices in the dash ellipse are viewed as redundant vertices. These vertices will be eliminated to guarantee that
no three vertices are collinear.

naturally suitable for our problem. Based on this observation, we construct an MRF on all the floorplans, formulating
reconstruction as a multi-label assignment problem. Under
the MRF framework, dominant floorplans are utilized as
labels and propagated to other floors. An accurate distance
measurement for floorplans is required to extract dominant
floorplans and construct the MRF. For this purpose, we propose a novel distance measurement by first encoding the
floorplans into strings and then calculating distances via the
edit distance. In this section, we first introduce the grammar
based encoding rules along with the distance measurement,
and then the MRF based model refinement.

4.1 Grammar Representation for Floorplan
NF
Suppose there are a set of floorplans F ¼ fFi gi¼1
, where NF
is the number of floorplans. Each floorplan Fi contains a
M
sequence of edges Fi ¼ feij gj¼1i obtained in Section 3.4,
where Mi is the number of edges in the ith floorplan. To
represent an edge e, three parameters are introduced:
e ¼ f v; u; d g;

(9)

where v 2 fþ; g represents rotation direction (þ and 
denote counter-clockwise and clockwise respectively) relative to the preceding edge, u denotes rotation angle, and d is
the length of current edge (see Fig. 6b for details).

Algorithm 1. Floorplan Extraction and Refinement
Algorithm
N

LS
Input: A sequence of line segments LS ¼ flsi gi¼1
; an available
line segment list A; neighbour finding function VðÞ; a path list
F ; threshold t.
Output: An enclosed floorplan F .
Initialize: F
? , A ¼ LS.
1: while A 6¼ do
2: Current path fPc g
? ; current seed set fSc g
?;
Selecting the longest line segment fAg ! ls ;fPc g
fPc g [ ls , fSc g
fSc g [ ls , fAg ¼ fAg n ls ;
3: while Sc 6¼ do
fSc g n so ;
4:
Selecting a seed fSc g ! so ; fSc g
5:
Finding the nearest neighbours of current seed point so ,
Bo ¼ Vðso Þ;
6:
for Each bi 2 Bo do
7:
if bi 2 A and distðbi ; so Þ <t then
8:
fPc g
fPc g [ bi ; fAg
fAg n bi ; fSc g
fSc g [ bi ;
9:
end if
10:
end for
11: end while
12: Adding hypothesis line segments to Pc (see Fig. 5a).
13: Snapping neighbouring line segments in Pc (see Fig. 5b).
14: Merging same vertices in Pc (see Fig. 5c);
15: Deleting redundant vertices in Pc (see Fig. 5d);
16: fF g
fF g [ Pc .
17: end while
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Fig. 7. The four dominant floorplans of Moshi building. The blue dots and
purple lines represent corners and edges respectively. Red circles indicate the starting points for encoding. Corresponding letter in the dictionary of each edge is illustrated. The strings below are demonstrated as
encoding results (see text for more details).

Fig. 6. Grammar based encoding for floorplans. (a) All flooplans in the
scene. One of the floorplans is illustrated for example. Purple dots
denoted by A  H are the corners. Green lines are the edges with l1  l5
denoting their lengths. The red corner is the starting point for encoding
and the black arc arrow indicates the encoding direction. (b) Encoding
rules. The red line is the current edge to be encoded while the green line
is its preceding neighbour. d is the length of the current edge, u is the
rotation angle relative to its preceding neighbour and v indicates the
rotation direction with þ as counter-clockwise and  as clockwise. With
these rules, each edge can be represented by three factors: v, u and d.
(c) Grammar representation. Edges in all the flooplans are encoded by
the encoding rules in (b). Grammar representations of edges in Floorplan0 are demonstrated for example. (d) The generated dictionary. A
dictionary is generated by assigning each edge in (c) a letter. In practice,
only edges emerge multiple times are remained and others will be omitted. With the dictionary, the encoding result for Floorplan0 is “abcdefgf”.

With these factors, the emergence times of all edges can be
acquired. A key observation is that high quality edges usually emerge repeatedly in the floorplans. Based on this, we
remain the edges that emerge with high frequency and omit
the ones with low frequency. For each of the remaining
edges, a letter is assigned and thus a dictionary is constructed (see Figs. 6c and 6d for details). With this uniform
dictionary, each edge of floorplan is reassigned by a letter (a
special letter is utilized for the omitted edges) and thus the
floorpans are encoded into strings. It is worth noting that to
ensure the consistence, all the floorplans have to be encoded
from the same starting point and in the same order. In implementation, we first define an arbitrary point far enough from
the point cloud. Then for each floorplan, we find the corner
closest to the defined point and treat it as the starting point
(see Fig. 8a for details). Fig. 6 illustrates an example of this
encoding process and more results are shown in Fig. 7.
Although our encoding rules are derivate from [8], there
exists a large difference, i.e., the method in [8] is parametric
and available for only three specific shapes, while our
method is non-parametric and can be applied to piecewise

linear shapes. With these encoding rules, floorplans are
uniquely and accurately described by their strings. As a
result, distances between floorplans can be obtained by
measuring distances between their strings. The normalized
Levenshtein distance is proposed to measure the distance
between two strings, given by




Edist stri ; strj


 ;
(10)
NEdist stri ; strj ¼
max Lenðstri Þ; Len strj
where LenðÞ is the length of a string and Edistðstri ; strj Þ 2
½0; 1 is the Levenshtein distance [15] between stri and strj .
Briefly, Levenshtein distance is obtained by counting how
many times the basic operations, i.e., deleting, inserting and
substituting, are required to transform one string to another.

4.2 Energy Minimization Based Model Refinement
Shapes of buildings usually change piecewise along the
gravity direction in terms of floorplan types. Simple buildings may contain only one kind of floorplan while complex
buildings contain several ones (Table 2). We observe that
building shapes are usually determined by several dominant floorplan types which emerge with higher frequency
than the non-dominant ones. Motivated by this observation,
we formulate the model refinement as a multi-label assignment problem by ensuring that only dominant floorplans
are taken into consideration.
Given all floorplans in the scene, an undirected graph G=
<V, E> is constructed, with each node corresponding to a
floorplan. Graph edges are added to each pair of neighbouring floorplans. The neighbourhood of a floorplan can be easily established through the spatial relationship, since
floorplans are arranged along the gravity direction. SupposNT
,
ing there are NT floorplan types, denoted by T ¼ fTi gi¼1
NT
.
accordingly their probabilities are denoted by W ¼ fWi gi¼1
The probability of a specific type is calculated as the ratio
between its emergence time and the whole floorplan
number.
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Fig. 8. Results of the energy based model refinement. (a) All the floorplans of the building. They are arranged along the gravity direction. The point
labelled as star represents a predefined point far enough from the point cloud and the purple points are the starting points of corresponding floorplans
(b) Models after the energy based model refinement. (c) Models after image based window editing. Resulting models are composed of polygons
which are illustrated in different colors. (d) The textured model.

Our goal is to find an optimal label assignment Z ¼
NF
for all the floorplans, where Zi 2 T . As the labels
fZi gi¼1
should be locally smooth with a low global residual, the
energy function of our problem is given by
E ðZ Þ ¼ Ed ðZ Þ þ h1 Es ðZ Þ þ h2 El ðZ Þ;

(11)

where h1 ; h2 are positive trade-off factors, Ed ðÞ is the
energy for data term, Es ðÞ is the energy for smoothness
term and El ðÞ is the energy for label cost term.
Data term. The data term denotes the cost of assigning
labels Z to F . It collects the residuals between floorplans
and their target floorplans
Ed ðZ Þ ¼

NF
X

Edi ðZi ; Fi Þ ¼

i¼1

NF
X

NEdistðZi ; Fi Þ;

(12)

i¼1



where NEdist Fi ; Fj represents the normalized distance
between floorplans Fi and Fj , and Zi is the label
assigned to Fi .
Smoothness term. A smoothness term is added to enforce
local consistency. It collects the distances between neighbouring floorplans. Since discontinuities exist in the region
where shapes of the building change, we adopt the Potts
Model [28] to preserve these discontinuities. Accordingly,
the smoothness term is given as follows:
Es ðZ Þ ¼



Esi; j Zi ; Zj ;

(13)

i¼1 j2N i

where
Esi; j ðZi ;

NF X
X

8
< k1;
Zj Þ ¼ k2;
:
0;

0 < NEdistðZi ; Zj Þ  &;
NEdistðZi ; Zj Þ > &;
NEdistðZi ; Zj Þ ¼ 0:

We set k1 ¼ 3; k2 ¼ 3k1 and & ¼ 0:5 in our experiments.
Label cost term. Label cost proposed in [29] is usually used
to control the number of labels by adding penalty to unique
labels. Similar to [30], we impose the probabilities of floorplans to the cost term, which is defined as follows:
El ð Z Þ ¼

X

2
1  WTi dTi ð Z Þ;

(14)

Ti 2T

where dTi ðÞ indicates whether a label appears uniquely in
the scene, and is defined as follows:

dTi ð Z Þ ¼

1;
0;

9p : Z p ¼ Ti ;
otherwise:

(15)

With this label cost term, floorplans with small probabilities
(non-dominant floorplans) will be penalized heavily if they
appear uniquely in optimization, while the flooplans with
large probabilities (dominant floorplans) will be penalized
lightly. This guarantees that the structures of buildings are
explained by only the dominant floorplans.

4.3 Optimization
The energy in Eqn. (11) can be fast minimized via the
aexpansion algorithm [31]. The aexpansion algorithm
requires energies to be regular. To prove an energy is regular, it suffices to demonstrate that each potential function U
in the energy is a metric, and that is, any pair of labels r1 ,
r2 , r3 satisfies the following conditions:
 Uðr1 ; r2 Þ ¼ 0 , r1 ¼ r2 ;
 Uðr1 ; r2 Þ ¼ Uðr2 ; r1 Þ 0;
 Uðr1 ; r2 Þ  Uðr1 ; r3 Þ þ Uðr3 ; r2 Þ:
The smoothness term and label cost term have been verified in [28] and [29]. The first two conditions are trivially
true for the remaining data term. The third condition can be
proved easily since the NEdistðr1 ; r2 Þ counts minimal operations needed to transform r1 to r2 , which indicates that the
number of operations for any other way will be no less
than NEdistðr1 ; r2 Þ, i:e:; NEDistðr1 ; r2 Þ  NEDistðr1 ; r3 Þ þ
NEDistðr3 ; r2 Þ. Hence the energy function in Eqn. (11) is
regular.
Once the optimized strings are obtained, we decode
them into floorplans via the dictionary constructed above.
Same floorplans are then merged into a block which is composed of connected vertical facets. A simple region growing
method is performed on these facets in terms of planarity.
After that, polygons are acquired to present the models. The
model refinement results are shown in Figs. 8a, 8b and
more results are illustrated in Fig. 16.

5

IMAGE BASED WINDOW EDITING

Initial models are obtained after the above automatic reconstruction. To recover detailed structures, we propose a simple yet effective method for window modelling with only
small quantity of interaction. In our method, the user only
needs to select a reference view, draw a window template
and determine a spacing size for extrusion, and after that 3D
windows on a facade will be automatically reconstructed.
We assume that the underlying structure of windows is a
cuboid which is common for urban buildings. Instead of
modelling windows on 3D data directly, we first detect them
on 2D images which are then back projected onto the corresponding facade. Finally, the structures of windows are
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should be as small as possible. Finally, a 3D window is
obtained through a simple extrusion (the spacing size is predefined by the user) along the normal direction (or reverse)
of the 3D plane. The window modelling process is illustrated in Fig. 9 and the results are illustrated in Fig. 15.

6

RESULTS AND ANALYSIS

In this section we conduct experiments on both synthetic
and real data sets to evaluate the effectiveness of our
method. Experiments are conducted on platform(R) Core
(TM) i3-2100@ 3.10 GHz with 8 GB RAM.

Fig. 9. Process of image based window modelling. Cyan quadrilateral in
reference view (View 0) represents the interactive input. Detected windows are illustrated as quadrilaterals with red edges and blue corners.
3D windows are finally obtained by imposing an extrusion to the detected
window along the normal direction (or reverse) of the corresponding 3D
plane. A reconstructed window is shown as a example. Oi ; i ¼ 1; 2; 3 are
optical centres of the ith view, pi0 -pi3 are corners of a re-projected window in the ith view, and P0 -P3 are the corresponding reconstructed corners in 3D space. Dash lines represent the ray of light. The
reconstructed 3D window is demonstrated as a cuboid with red corners.

reconstructed by a simple extrusion. Since windows usually
appear repeatedly on building facades, they can be detected
as repetitive structures. Many algorithms have been proposed for repetitive structure detection. In this paper, we
adopt an interactive method proposed by Xiao et al. [32],
which treats repetitive structure detection as a binary classification problem. With some manually labelled pixels as
training data, it first clusters all pixels into foreground (repetitive structures) and background via the Gaussian Mixture
Model (GMM). Afterwards, a matrix based formulation is
applied to regularize the underlying facade labels.
In implementation, our method for window reconstruction is based on multi-views. The user needs to select a reference view and draw a quadrilateral to provide a window
template. The window template will be automatically transferred to other related views which are found through camera parameters. Afterwards, repetitive structure detection is
conducted separately on each related view to acquire a
series of 2D windows. Detected windows are then back projected to the corresponding 3D plane to locate their initial
spatial positions. Additionally, two constraints are imposed
to refine window structures: (a) The back projected windows are rectangles and their directions should be aligned
with the gravity direction; (b) The reconstructed windows
should be consistent in all the related views. In other words,
the re-projection errors of windows in all related views

6.1 Normal and Position Refinements for Floorplan
Extraction
Normal and position refinements are effective in the floorplan extraction phase. It provides data with more reliable
normals and positions. Specifically, normal refinement provides reliable features for region growing as well as accurate
direction for position refinement. Position refinement generates reliable edge regions for floorplan extraction. In this section, we make a comparison between our method and the
state of art l1-sparse based method proposed by Avron et al.
[33]. Their method was special for reconstructing piecewise
smooth point set surfaces with sharp features. The l1-sparsity makes their method effective even on noisy data. Comparative experiments are conducted on four slice data
among which the first data is more complex in term of
shapes, while the others, despite of simple structure, are
with poor quality. From Fig. 10 we can see that both the two
methods are good at feature preserving. However, both the
normal and position refinements obtained by our method
are more effective and accurate (see the close ups for details).
The better performance of the proposed method benefits
from the effective utilization of prior knowledge. In addition,
we use l2-norm which is easier to solve than the l1-norm
used in [33]. To further validate the effectiveness and importance of our normal and position refinements in floorplan
extraction phase, we also give two examples of failures without these two refinements (see Fig. 11 for details). The failures are mainly caused by poor results of region growing as
well as line fitting. Normal and position refinements provide
an apparent improvement especially in regions with details.
6.2 Results on Synthetic Data Sets
We first test our method on synthetic data created by sampling points from the ground truth models. Gaussian noise
with distributions of N ð0; 0:1Þ and N ð0; 15Þ are added to
spatial positions and normals respectively. The synthetic
buildings are piecewise planar with their floor shapes varying along the gravity direction. We use synthetic instead of
real-world data sets for quantitative evaluation because:
First, it’s nearly impossible to obtain the ground truth of
real world buildings. Second, expecting types of synthetic
buildings can be generated to completely demonstrate the
capability of our method.
Fig. 12 demonstrates that our method successfully
reconstructs a building containing 10 dominant directions.
In our method, the underlying structure satisfies the piecewise planar and vertical wall assumption. Compared with
the MW assumption, i.e., buildings own three mutually
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Fig. 10. Results of normal and position refinements compared with Avron et al. [33]. Points are down samples for clarity. Colored rectangles depict
regions for comparison. (a) Input slice data with position and normals illustrated. (b) Results of normal refinement by our method. (c) Results of normal refinement by Avron et al. [33]. (c) Results of position refinement by our method. (d) Results of position refinement by Avron et al. [33].

perpendicular dominant directions, our assumption is less
restrictive. Note that this relaxation does not decrease
the effectiveness of our method. This benefits from two
aspects: First, the normal and position refinements improve
the data quality. Second, the MRF based model refinement
guarantees that building structures are determined only by
dominant flooplans. Fig. 13 illustrates another example
where the bottom floorplans are composed of four isolated
components (see red rectangles).

Fig. 11. Floorplan extraction with and without normal and position refinement. Colored rectangles depict regions for comparison. (a) Floorplan
extraction without any refinement. (b) Floorplan Extraction with normal
and position refinements.

To further demonstrate the effectiveness of our method,
we make a comparison with the feature preserving mesh
generation method proposed by Salman et al. [12]. Their
method first extracts sharp features from point clouds and
then protects them via the “protecting balls” strategy during
the Delaunay refinement process. From Figs. 12 and 13 (see
regions in purple rectangles) we can see that both the
method from [12] and the proposed method well recover

Fig. 12. Modelling results of Synthetic Building1 (Syn1). This building
contains 10 dominant directions. The models are illustrated as triangulated meshes for stability of rendering. Purple rectangles depict a region
for comparison. (a) The input point cloud. (b) The ground truth of the
model. (c) The results of the feature preserving method proposed by Salman et al. [12]. (d) The results of the proposed method.

SUI ET AL.: LAYER-WISE FLOORPLAN EXTRACTION FOR AUTOMATIC URBAN BUILDING RECONSTRUCTION

1271

TABLE 1
Comparative Results between the Method Proposed by Salman
et al. [12] and Our Method on the Synthetic Data
Methods
Mean Error
Mean
Derivation
#of polygons

Fig. 13. Modelling results of Synthetic Building2 (Syn2). The bottom of
this building contains 4 isolated components (red rectangles). Purple
rectangles depict a region for comparison. (a) The input point cloud.
(b) The ground truth of the model. (c) The results of the feature preserving method proposed by Salman et al. [12]. (d) The results of the
proposed method.

the sharp features. However, there are apparent restrictions
of the method from [12]: First, it can only preserve corners
and edges, while the important facets are not included. Second, sharp features must be accurately extracted and appropriately manipulated, otherwise, artifacts are generated (see
purple rectangles in Figs. 12c and 13c). By comparison, the
proposed method recovers all kinds of sharp features, and
need not to detect them in advance. Additionally, the reconstructed models of method from [12] are usually disturbed
by noise as illustrated in Fig. 14 (see regions in purple rectangles), because noise is not identified in the implicit function fitting process. Our method overcomes this problem
based on the concise piecewise planar assumption.
The quantitative analysis is provided by mean and standard deviation of distances from vertices of the reconstructed models to their nearest facet in the ground truth.
We also give the number of output facets to demonstrate
the conciseness of models. Table 1 lists these comparative

Fig. 14. Modelling results of Synthetic Building3 (Syn3). Purple rectangles depict a region for comparison. (a) The input point cloud. (b) The
ground truth of the model. (c) The results of the feature preserving method
proposed by Salman et al. [12]. (d) The results of the proposed method.

Method [12]
Ours
Method [12]
Ours
Poisson
Ours

Syn1

Syn2

0.0201
0.0181
0.0557
0.0240
24,073
28

0.0396
0.0097
0.0298
0.0112
26,237
42

Syn3
0.0288
0.0139
0.0197
0.0144
39,477
22

statistics from which we can see that the proposed method
achieves a higher accuracy on all the synthetic data sets.
Furthermore, models generated by the proposed method
are more concise than those by the method from [12]. The
piecewise planar assumption on the one hand makes the
resulting models concise enough, and on the other hand
makes our method immune to data flaws.

6.3 Results on Real Data Sets
Our real data sets are generated by the Bundler + PMVS
procedure based on ground level images collected by a
hand camera. It contains eight buildings of different types
and all the input information is presented in Table 2. In the
data sets, Algubbat, Moshi builing and Residential building
are non-Manhattan buildings with complex structures. For
the remaining ones, though their relatively simple structure,
the qualities of point clouds are quite poor because there are
usually incomplete and heavily corrupted by noise (see
Fig. 16a for details). The Tk defined in Subsec. 3.1 of all the
synthetic and real data are give in Table 2 to present a quantitative evaluation of the data quality and the planar confidence of point clouds are also shown in Fig. 16b to visually
demonstrate data quality.
From Fig. 16c, we can see that the extracted floorlpans are
heavily damaged by data flaws. Even so, our method successfully recovers the building structures (Fig. 16d). The
dominant floorplans usually emerge with higher frequency
than the non-dominant ones, which indicates that high
quality floorplans are more likely to be extracted as dominant floorplans. Once the dominant floorplans are extracted,
they will propagate their affinity strongly under the MRF
framework, and thus the non-dominant ones will be
replaced. Additionally, the new encoding rules provide an
accurate quantification of the similarity between floorplans,
which guarantees the true propagation. All these contribute
to the significant performance of our method.
Comparative experiments are also conducted with the
method from [12]. In our re-implemented version, we
extracted polylines instead of curves, which is enough for
our data. In addition, as sharp features are hard to detected
from our data, we manually extracted them to fully demonstrate the effectiveness of their method. From their results
shown in Fig. 16e, we can see that the performance of
method from [12] is unstable. Satisfying results can be
obtained only when sharp features are accurately detected
and well manipulated. On the contrary, our method does
not detect and manipulate sharp features in advance, which
indicates better stability. One advantage of the method from
[12] is its ability of filling holes in point clouds. However,
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TABLE 2
Input and Output Information of All the Data in Experiments
Data Set
Syn1
Syn2
Syn3
Babylon
Algubbat
House1
House2
House3
House4
Moshi
Residential

#of Pts
933,455
1,578,415
1,865,931
391,673
376,886
1,712,762
2,115,531
1,139,533
620,332
2,383,802
1,680,598

#of
#of Dominant
Images
Directions
0
10
0
6
0
6
33
6
24
8
266
4
321
4
214
4
112
4
561
8
153
12

Tk
0.08
0.08
0.13
0.93
0.95
0.64
0.68
0.82
0.54
0.36
0.38

#of Dictionary
Elements
19
28
28
37
20
57
52
36
59
76
54

the filled regions usually deviate from true surfaces, especially for planar regions. In contrast, our method fills holes
based on the piecewise planar and vertical wall assumption,
which is quite reasonable for urban buildings. As expected,
our results are more compact with planarity well kept
simultaneously. In addition, the method from [12] generates
disturbance of surfaces because it can not identify noise in
reconstruction while our method overcomes this problem,
which is also validated on the real data (see regions in colored rectangles in Fig. 16).
The Residential building in the bottom of Fig. 16 and
Moshi building in Fig. 8 are buildings with pop-up structures. Although our method is not designed for detailed
facade structures, it still recovers them in Residential building and Moshi building, which can also be seen from Fig. 3f.
It is worth to point out that, detailed facade structures are
hard to recover because points in these regions are usually
severely missing and hence prone to be treated as noise or
outliers. The proposed method is able to process these
regions only when points with good quality are provided.

#of FloorPlans
62
64
46
40
47
42
64
49
48
45
31

#of Floorplan
Types
3
5
4
3
3
1
3
4
2
5
1

#of Output
Runing
Polygons Time (min)
28
10.22
42
16.80
22
13.12
20
4.23
50
4.54
913
16.58
1,122
13.95
374
10.97
127
4.38
298
19.14
2,038
17.38

Textured models are illustrated in Figs. 17, 18, and 19.
Texture images are created automatically by stitching image
tiles from input images. We manually repaint the texture
images for buildings that are heavily occluded, e.g., House1,
House2, and House3. Running time as well as other statistics are reported in Table 2. It only needs a few minutes for
out method to deal with a point cloud containing millions
of points. The major computation time of our method is on
the floorplan extraction. It is worth noting that the floorplan
extractions on different slices are completely independent.
Hence, parallel computing can be applied efficiently for
speed improvement.

6.4 Discussions
Limitations. Despite of the effectiveness of our method, it still
has some limitations. The underlying piecewise planar and
vertical wall assumption prevents the proposed method from
other forms of structures, e.g., spheres or oval ones. For example, in the Algubbat data, the sphere on the top is reconstructed approximately by piecewise planar structures (see

Fig. 15. Resulting models of real data sets after image based window editing. Models are composed of polygons which are represented in different colors.
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Fig. 16. Comparative results on real data set. Colored rectangles depict regions for comparison. (a) Input point clouds. (b) The planar confidence k of
each point. From blue to red, k changes from 1 to 0. (c) All the reconstructed foorplans of the buildings. (d) Reconstructed models of our method.
The models are triangulated for stability of rendering. (e) Results of method proposed by Salman et al. [12]. Some facets are trimmed for clarity.

the first row in Fig. 16). In the result of Babylon, the round gate
is reconstructed as a rectangle (see the second row in Fig. 16).
For shapes that can be parameterized such as arcs and splines,
this problem can be solved by designing special encoding
rules. For those can not be parameterized, the surface reconstruction based methods can be applied.
Additionally, the planes non-perpendicular to the gravity direction are omitted by the proposed method (see the
slant roofs in the third row of Fig. 16). This is because for
slant component (such as pyramid), floorplans change

gradually instead of piecewise along this direction. As a
result, these floorplans will not be selected as dominant
floorplans and models will be incorrectly reconstructed in
the MRF based model refinement.
Comparison with related work. A qualitative analysis is
made with some representative building reconstruction
methods as illustrated in Table 3. Compared with these
methods, the main differences of our method are that: we
apply a piecewise planar and vertical wall assumption,
which is more general than the MW assumption and our
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Fig. 17. Textured model for House2. Texture image are created automatically and then repainted manually. Close-ups special for corner, door, and
windows are illustrated from left to right.

method need neither detect any polygons nor explore their
spatial relations.
Methods in [17], [23] attempt to extract polygons from
point clouds and snap them to obtain complete models.

While these approaches are able to generate piecewise planar models, their results rely on the polygon extraction and
their spatial relation exploration. As a consequence, erroneous or missing detection may result in incorrect or
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Fig. 18. Textured model for House1. Texture image are created automatically and then repainted manually. (a) and (b) are side views of the model.
(c) is the close-up of a local region (purple rectangle). (d) is front view of the model.

Fig. 19. Textured models. Textured images are created automatically by stitching image tiles from all the input images. The texture images of
House3, Moshi building and Residential building are manually repainted to improve their quality.

incomplete models especially for point clouds with low
qualities. In contrast, our method avoids detecting polygons
and exploring their spatial relations, while reconstructing a
complete model automatically (see Fig. 8b for details). Nevertheless, our method applies a more restrictive structure
assumption than their methods.
The methods in [5], [8], are most related to ours, since
floorplans are also utilized in their reconstruction. Xiao
and Furukawa [5] proposed a Constructive Solid Geometry
(CSG) method to integrate extracted flooprlans into complete models. The main differences between their method
and ours are: (1) Their method extracts flooprlans through
logical operations on the basic elements (rectangles), which
effectively remedies data flaws but will fail if floorplans are
not made up by rectangles, such as prisms (not common but
exist). Alternatively, we do not use any high level structure
prior, and we improve the robustness through reliable data
refinements. (2) In their method, models are obtained by
conducting similar logic operations on all the extracted
floorplans. As a result, errors in any floorplan will affect the
final results directly. Different from their method, we
extract multiple floorplans to further find the dominant
ones, and then utilize them to reconstruct complete models.

The extracted dominant floorplans are more reliable, which
guarantees a high reconstruction accuracy. Additionally,
TABLE 3
Comparison with Building Reconstruction Methods Related
to Our Work Images for Input and Output of these Methods
are Extracted from their Papers

“IBM”, “PP” and “MW” stand for “Image Based Methods”, “Piecewise
Planar”, and “Manhattan World” respectively.
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their work aims at interior reconstruction, while our method
focuses on the exterior surface reconstruction of buildings.
Vanegas et al. [8] propose parametric grammar rules for
floorplans, formulating the reconstruction as a parameter
optimization problem. The structure assumption in their
method is more restrictive, with only three specific floorplan shapes permitted. In contrast, our method can be
applied to piecewise linear floorplans including non-MW
ones (the first row of Fig. 16) and those with multiple components (see the second row of Fig. 16).
The method in [4] reconstructs MW buildings by classifying points into four basic types and then combining them to
form volume descriptions of models. The main advantage
of their method is that complete models with detailed
facades can be automatically generated from incomplete
data. The MW assumption effectively improves the robustness of their method but makes their structure assumption
more restrictive. In contrast, our method can process more
general forms of buildings, such as the Algubbat data (see
the first row in Fig. 16), the Moshi building (see Fig. 8), and
the Residential building (see the last row of Fig. 16).

[6]

[7]
[8]
[9]

[10]
[11]

[12]
[13]
[14]

7

CONCLUSION

In this paper, we have provided an automatic method for
urban building reconstruction from dense point clouds. A
feature preserving floorplan reconstruction method was proposed to obtain a sequence of floorplans. With the proposed
grammar based encoding method and the edit distance as a
distance measurement, we solve the reconstruction problem
under the MRF framework. Our method avoids two common problems in automatic reconstruction methods: detection of primary elements and representation of their spatial
relations. A simple image based window editing method has
also been proposed to further recover detailed structures if
they are needed. Experimental results on both synthetic and
real data sets demonstrate the effectiveness of our method
for universal urban buildings.
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