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Abstract: Aerial laser scanning or photogrammetric point clouds are often noisy at building
boundaries. In order to produce regularized polygons from such noisy point clouds, this study
proposes a hierarchical regularization method for the boundary points. Beginning with detected
planar structures from raw point clouds, two stages of regularization are employed. In the first stage,
the boundary points of an individual plane are consolidated locally by shifting them along their
refined normal vector to resist noise, and then grouped into piecewise smooth segments. In the
second stage, global regularities among different segments from different planes are softly enforced
through a labeling process, in which the same label represents parallel or orthogonal segments.
This is formulated as a Markov random field and solved efficiently via graph cut. The performance
of the proposed method is evaluated for extracting 2D footprints and 3D polygons of buildings
in metropolitan area. The results reveal that the proposed method is superior to the state-of-art
methods both qualitatively and quantitatively in compactness. The simplified polygons could fit the
original boundary points with an average residuals of 0.2 m, and in the meantime reduce up to 90%
complexities of the edges. The satisfactory performances of the proposed method show a promising
potential for 3D reconstruction of polygonal models from noisy point clouds.

Keywords: point clouds; boundary extraction; regularization; building reconstruction

1. Introduction

With the rapid developments in aerial laser scanning (ALS) and aerial oblique photogrammetry,
3D point clouds have become the primary datasets used in large-scale urban reconstruction [1,2].
In particular, recent advances in structure from motion (SfM) [3] and multi-view stereo (MVS) [4]
methods allow detailed coverage of urban scenes, and are particularly suitable for feature matching [5],
bundle adjustment [6,7], and dense image matching (DIM) [8,9] in aerial oblique images.

However, as the usability of point clouds or derived triangular meshes is limited by the difficulties
in manipulating and managing the datasets, 2D polygons and polygonal building models are still the
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industrial standard datasets for various applications [10,11], including visualization, spatial analysis,
urban planning, and navigation [12–15]. Although the extraction of points on the exterior building
boundaries is gracefully handled by a standard convex hull or alpha-shapes for non-convex boundaries,
simplification and regularization of the noisy boundaries are still non-trivial tasks and well-established
cartographic algorithms do not produce acceptable results when applied to point cloud datasets.

The inherent deficiencies of point clouds data, such as data anisotropy, insufficient sampling,
and especially noise, make it challenging to retrieve compact 2D/3D polygons of buildings that
have satisfactory geometric quality. For ALS data, which have high altimetric accuracy but relatively
low point density [16], the initial boundary points of building plans are often jagged [17] and small
structures are not well sampled. Meanwhile, DIM point clouds of aerial oblique images are generally
inferior to those created from laser scanning in terms of noise level and the preservation of sharp
features [9]. The forward intersected point clouds suffer from inaccurate positioning at the edge of
building planes due to disparity discontinuities, and thus sharp features may degenerate at corners.

In the boundary simplification process, traditional edge collapse-based methods are likely to
eliminate sharp features, whereas regularization methods that adopt the Manhattan rule based on the
dominant orientation tend to be too strict in many real-world applications, leading to large distortions
when applied to polygons with multiple orientations.

This paper consists of three major contributions, in order to overcome the above issues: (1) we
allow the mutation of boundary points along their normal in the local stage in a least-square manner
to resist noise; (2) we relax the hard Manhattan assumptions (either parallel or perpendicular to the
dominant orientation) [1] by also considering fidelity terms. Unlike other modified Manhattan-based
regularization methods which need to pre-define the number of resulting orientations [18] or difference
angle threshold for compulsive orthogonality [19], the proposed method casts the problem as a Markov
random field (MRF) and allows multiple and arbitrary orientations with mutual regularities in the
same optimization; and (3) we propose a strategy to produce simplified polygons with inter-part
regularity in 3D space.

In this study, we extend our preliminary conference paper [20] in the following four directions:
(1) improving the local stage regularization algorithm, allowing it to handle the zigzag effect more
efficiently; (2) taking regional level relationships into considerations to handle boundary regularities
between different planes or buildings; (3) conducting additional experiments on relatively low-density
ALS data for building footprint generalization; and (4) supplementing more quantitative comparison
with other representative methods. The rest of this paper is organized as follows. Section 2 briefly
reviews the existing research on boundary points simplification and regularization. In Section 3,
the proposed method is described in detail. The performance of the proposed method is evaluated in
two different application scenarios, both qualitatively and quantitatively in Section 4. Discussions are
given in Section 5 and the conclusions are presented in Section 6.

2. Related Work

The simplification and regularization of closed boundaries or polygons for discrete points have
attracted a lot of interest in the fields of photogrammetry, cartography, and computer graphics. Such
procedures can be used in map simplification [21], multi-scale representation [22,23], 3D model
simplification [24], building footprint generalization [25], and 3D reconstruction [26]. However,
the data redundancy and noise level in building borders from ALS or photogrammetric point clouds
are distinctively higher than those in digital maps, existing building footprints, or 3D models. As shown
in Figure 1, generally, producing methods for building boundary simplification and regularization can
be categorized into three major classes.
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[28] or a sleeve-fitting residual [29]. Sometimes, further constraints are also incorporated into this 
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enforcing the topology of the curve set [31], resulting in the simplification of curves while 
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to implement, computationally efficient, and requires only a small amount of memory. However, the 
resulting polygons depend on the choice of starting points and are easily affected by noise. 
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manner to form a closed polygon [32] or selected for optimal configuration based on the minimum 
description length (MDL) principle [33,34]. In contrast, some studies fitted line segments through a 
wide range of approaches, such as detecting critical points for initial boundaries [35], pivot points 
[36], detecting line segments by Random Sample Consensus (RANSAC) [37], multi-scale line fitting 
[38], and casting the problem to Gaussian space [39], Hough space [40], or graph space [41]. Adjacent 
non-parallel segments produce a vertex in the polygon; otherwise, the segments are merged [42]. The 
above methods tend to fit local smooth line segments and connect them to form a closed polygon 
with loose (or even without) global constraints. However, when the position of the original boundary 
points deviates too much from the ground truth location due to data noise or imperfections in 
sampling during the data collection, the simplified results will not reconstruct the shape very 
accurately. In addition, the global regularities in the building boundaries are not well preserved. 

In the third class of methods, the Manhattan assumption is adopted to produce simplified 
polygon boundaries [43–45]. It first detects the dominant direction of the polygon and then enforces 
the rectangular shape constraint on the segments. Many approaches have been used to conduct the 
first step, including intersecting horizontal lines in 3D space [46], rectangle fitting [43], weighted line-
segment lengths analysis [19,45,47], longest fitted line detection in Euclidian space [26,48] or Hough 

Figure 1. Classification of boundary generalization methods.

The aim of boundary point simplification is to represent an original boundary compactly, which
is necessary for efficient computation and visualization. The first class of methods attempted to
decrease the number of vertices by discarding original points that met a certain criterion, locally or
globally. Among this class of methods, the Douglas–Peucker algorithm, which uses perpendicular
distance as a global indicator, is the most common [27]. Some algorithms locally define a line through
the first two points of the original polyline, and then calculate the deviation from this line for each
successive point. The first point with a deviation that exceeds a pre-defined threshold is kept and
treated as the first point of the next line. This deviation could be either a direct perpendicular
distance [28] or a sleeve-fitting residual [29]. Sometimes, further constraints are also incorporated into
this formulation [30]. More recently, methods that consider both local and global measurements in the
process of simplification have been explored. Triangle decimation is used to simplify the curves while
enforcing the topology of the curve set [31], resulting in the simplification of curves while maintaining
the geometric relationship between curves. This type of simplification algorithm is easy to implement,
computationally efficient, and requires only a small amount of memory. However, the resulting
polygons depend on the choice of starting points and are easily affected by noise. Furthermore, critical
points around sharp features are likely to degenerate during the process of simplification.

To better fit the original boundary points, the second class of methods tries to detect line segments
from the original points and then assemble them to form a closed polygon. These methods focus on
the preservation of data fidelity. Using the simplified polygon produced by the Douglas–Peucker
algorithm, some researchers further strengthen the polylines by fitting the line segments. For example,
line segments obtained using the least-squares method can be intersected in a pairwise manner to
form a closed polygon [32] or selected for optimal configuration based on the minimum description
length (MDL) principle [33,34]. In contrast, some studies fitted line segments through a wide range of
approaches, such as detecting critical points for initial boundaries [35], pivot points [36], detecting line
segments by Random Sample Consensus (RANSAC) [37], multi-scale line fitting [38], and casting the
problem to Gaussian space [39], Hough space [40], or graph space [41]. Adjacent non-parallel segments
produce a vertex in the polygon; otherwise, the segments are merged [42]. The above methods tend
to fit local smooth line segments and connect them to form a closed polygon with loose (or even
without) global constraints. However, when the position of the original boundary points deviates too
much from the ground truth location due to data noise or imperfections in sampling during the data
collection, the simplified results will not reconstruct the shape very accurately. In addition, the global
regularities in the building boundaries are not well preserved.

In the third class of methods, the Manhattan assumption is adopted to produce simplified
polygon boundaries [43–45]. It first detects the dominant direction of the polygon and then enforces
the rectangular shape constraint on the segments. Many approaches have been used to conduct the
first step, including intersecting horizontal lines in 3D space [46], rectangle fitting [43], weighted
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line-segment lengths analysis [19,45,47], longest fitted line detection in Euclidian space [26,48] or
Hough space [40], vanishing points detection in image space [18], and histogram analysis [49–51].
Furthermore, some methods first divide all of the line segments into two orthogonal groups, then
refit the dominant orientation by taking all of the original points into consideration [44,52]. For the
second step, the two common approaches to reconstructing the simplified polygon are constrained
least-squares fitting and graph cut [50,53]. Although the Manhattan assumption successfully
characterizes most urban and indoor environments, a strict Manhattan constraint will lead to
undesirable distortion in environments that do not conform to this assumption. To address this
deficiency, some methods balance data fidelity and shape regularity while simplifying a given point
set. By improving the traditional Manhattan assumption, some studies have loosely enforced the
rectangular rules by allowing oblique edges [18,19,37,47,54]. Line segments are compared with a
pre-defined threshold, and those with less deviation are forced to obey regularity rules; otherwise, their
original orientation angles are kept, allowing the reconstruction of non-rectangular shaped buildings.
Besides, multiple dominant orientations are assumed [55]. However, the definition of tilt edges is
subjective and their potential mutual regularity is ignored. More recently, in related fields, energy
functions have been built to explicitly express data fitting residuals and geometric regularity [56–60].
The parameters of an optimal structure can be retrieved by minimizing object functions.

In aforementioned building boundary regularization methods, the noises in ALS and
photogrammetric point clouds sometimes make it difficult to regularize building boundaries due to
the unstable estimation of edge orientation angles and their mutual regularity. Besides, inter-part
relations between different buildings are not considered to produce regular boundaries in regional
level. Therefore, in order to produce building boundary with inter-part regularity and a high-degree
of data fidelity, in this paper, we propose a hierarchical regularization method, which composed of a
local stage and a global stage. In the proposed method, we allow the shifts of the boundary points to
resist noise, and in the global stage, inter-part regularities between different polygons are posed as a
labeling problem that considers two competitive desires, preserving data fidelity and enforcing the
same labels (orthogonal or parallel), and solve the problem with a standard graph cut.

3. Hierarchical Regularization of Building Boundaries from Noisy Point Clouds

3.1. Overview of the Approach

Staring from building point clouds in one region, planar structures are first extracted with
simple parallel and orthogonal constraints using the existing RANSAC-based methods [61,62]. Then,
the detected 3D planes that share the same normal orientations (parallel or coplanar) are grouped
to conduct boundary tracing and boundary regularization, as depicted in the blue box in Figure 2.
For each plane group, 3D points are projected to 2D space by translation their centroid to the origin
point and rotating the normal of the plane to the positive direction of Z-axis, the consecutive boundary
points of each plane, which are the input of the proposed methods, is extracted using alpha-shapes [63].
Besides, non-parallel planes are projected to each plane group to form virtual angles for subsequent
global regularization.

As shown in Figure 2, the hierarchical regularization is composed of two main stages: the local
stage and the global stage. The objectives of the two stages are complementary. A closed point
boundary is shifted and divided into piecewise smooth line segments in the local stage. In the global
stage, global parallel and vertical relationships between line segments in the overall area are discovered
to further regularize edges, which results in highly regularized polygons.

In the local stage, neighboring relationships between consecutive building boundary points
are first built using a forward search strategy; then the initial normal of each point is estimated
using principal component analysis (PCA) with a fixed neighbor size. Based on the initial normal
orientation and the neighboring relationship, a high-quality 2D normal of each point is reconstructed
by minimizing the least-squares function, which decreases the normal differences between neighboring
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points while ensuring that the final normal does not deviate too much from the initial value.
The positions of the initial points are then shifted along the refined normal to harmonize their positions
and normal orientations. These points are then grouped according to the reconstructed normal, and
line segments with limited endpoints are fitted. These lines have a finite extent that is clipped to a
bounding box based on the projection of the points.
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same types of procedures. In the global regularization, colors of segments and virtual angles are set
randomly at first. Then same colors stands for selecting the same orientation angles.

In the global stage, each line segment along with its shifted points is set as an input to generate
augmented line segments. The mutual parallel and vertical relations between each segment in the
same group are used to form the augmentation. Besides, regularity clues from non-parallel planes are
also discovered. Then, we construct an energy function that considers both data fitting cost and overall
smoothness using the shifted points as observations. The energy function is minimized via graph cut
and the result is highly regularized line segments in the global scene.

After the two stages of refinement, the resulting polygons are generated through a simple corner
detection method that merges line segments with the same orientation and intersects. In the following
section, we describe the two stages in detail.

3.2. Shiftable Line Fitting for Local Regularization

The goal of this stage is to robustly reconstruct for each boundary a piecewise smooth polygon
that approximates the original outline. Since the noises in point clouds may hinder the estimation of
point normal, inspired by [64], the refinement of normal vectors are necessary. Therefore, three steps
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are incorporated to refine the boundaries and produce a piecewise smooth polygon: neighborhood
estimation, normal refinement, and shiftable points grouping. A neighbor relationship between points
that belong to the same line is first estimated, then the 2D normal is computed and refined based on
the assumption that neighboring points are more likely to have a uniform normal (e.g., numerically
the included angle is less than 1 degree). After that, piecewise smooth polylines are grouped together
in accordance with their 2D normal and the positions of the points are shifted along their 2D normal
based on a least-squares function that measures the consistency of points’ positions and their normal in
a given tolerance which is depicted in the upper right of Figure 2. It should be noted that the shiftable
line fitting is different from direct line fitting through RANSAC or other alternatives, in the ways
that the proposed method are less sensitive to local noise and will create more local segments for the
successive global labeling.

3.2.1. Outlier-Free Neighborhood Estimation

The main purpose of this phase is to identify outlier-free collinear relationships between
consecutive points. Therefore, a forward search-based iterative method is used to estimate the
neighboring region of a point which consists of collinear consecutive points around this point.
The neighboring region of a given point starts from the point (itself). In each iteration, one point
(the next consecutive one) is added to this region if the residual of the candidate point to the fitted
least-squares linear equation of the last iteration is below a given threshold. To strictly prevent outliers
and preserve sharp features, a small threshold is preferred. However, due to the discrete character of
point clouds, it is meaningless to set threshold less than the Ground Sample Distance (GSD) and 1.5
GSD is chosen. The iteration stops when a candidate point is rejected, at which point the neighbor
region detection of another point starts. Two points are treated as a neighborhood only when they
appear in each other’s neighbor region. If a point has no neighboring points, then it is treated as a
potential outlier or as high-frequency noise and is not used in subsequent processing steps. When the
mutual neighbor relationships between all of the points are defined, PCA is used to estimate the initial
2D normal vector of each segment.

3.2.2. Robust Normal Estimation of Boundaries

As 2D normal can be represented by rotation angles in 1D space, we transform the normal
vector into angle space, which not only decreases the number of parameters but also promotes
computational efficiency. Based on the assumption that neighbor points are more likely to have similar
normal, the normal angle of each point is refined in a least-squares adjustment that considers both the
initial normal angle and neighbor differences. The cost function is formed based on the neighboring
relationships derived in the previous step. Two terms are incorporated, as shown in Equation (1):

min
θ

∑
(p,q)∈N

ωp,q
∣∣θp − θq

∣∣2 + λ∑
p

∣∣∣θp − θ0
p

∣∣∣2 (1)

where N is the neighbor region and p and q are two different points which have neighbor relationships;
θp and θq are the unknown normal angles of points p and q after refinement; θ0

p is the initial value of θp;
and λ controls the balance between data fidelity for initial estimated normal and consistency of normal
vectors for neighbor points, a large value of λ would prevent the change of normal angle and it was set
as 0.1 in all the experiments. ω is the weight between neighboring points and is computed as follows:

ωp,q = e− ( θp−θq/σ ) 4
(2)

where σ defines the preferred angle difference, which penalizes big initial normal differences, and fixed
at 15◦ in all the experiments below, because we observed that the deviations of estimated normal at
smooth region are lower than this value for most of the cases; θp and θq are the same as in Equation (1).
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The above optimization is a standard regularized least-squares optimization and a standard solver
is adopted to solve this problem [65]. The first term of Equation (1) minimizes the angle difference
between neighboring points and the second term prevents the normal angles from deviating too
much from their initial values. As depicted in Figure 2, after the normal refinement, the normal angle
differences of the sharp features are enlarged (see the rooftop and the lower left corner), whereas those
in the smooth region are reduced (see points with the same color).

3.2.3. Line Fitting with Shiftable Points

Once the high-quality normal orientations of all of the inlier points have been reconstructed,
the consistent positions of boundary points p′ are updated by shifting them in the normal direction
(represented by n) to smooth the initial boundary points p. The length of the shifting is quantized by
a single scalar t, as p′ = p + t × n. In order to optimize the local shifting value, similar optimization
is approached as defined in Equation (3). It should be noted that, unlike traditional line fitting, this
procedure operates on individual point and may involve neighborhood information that does not
belong to the same local segment.

min
t ∑

(p,q)∈N
ωpq

(∣∣∣(p′ − q′
)Tnq

∣∣∣2 + ∣∣∣(q′ − p′
)Tnp

∣∣∣2)+ µ∑
p

t2
p (3)

This is also a regularized least-squares problem, in which the weight ω is defined as the same as
Equation (2) and gives larger weights to points with similar normal orientations. The left part measures
the local deviation in the point’s neighboring region N, which allows smoothness across different small
segments. Because there are arbitrary many solutions to this free adjustment problem, the other term is
also included to ensure data fidelity by constraining the final point position so that it does not shift too
much from its initial position. The scale factor µ is used to balance normal smoothness and position
deviation, a large value of µ would prevent the points to shift from their initial positions.

Once the smoothed positions are obtained, piecewise smooth polylines are constructed by
grouping consecutive points that share similar normal angles, as the normal angles across sharp
features have been magnified in the previous step. The shifted positions of the points belonging to
each group are used to fit a least-squares line segment, and the corners are detected by intersecting
lines with corresponding bounding boxes, based on the projection of points. As shown in Figure 2,
after the local stage simplification, the initial polygon boundary points are represented by 10 edges
and the sharp features are not lost.

3.3. Constrained Model Selection for Global Regularization

In the stage described above, the consecutive boundary points are integrated as piecewise smooth
line segments composed of shifted points with a finite extent and unique orientation angles. These
orientation angles may be contaminated by the noise that is inherent in the initial boundary points,
leading to irregular polygons.

As man-made buildings always have regular shapes and buildings in nearby regions are likely to
confirm some regional level regularity, it is reasonable to infer that all of the edges from the same region
of building outlines are mutual related. These kind of inter-polyline relations are mainly parallelism
and orthogonality. However, non-uniform edges may also exist in building outlines, and forcing
them to become parallel (or perpendicular) to the dominant orientation may induce large distortions.
Therefore, in the proposed method, the regularities are only softly enforced. We cast the regularization
into the label space, in which the label of two segments are considered the same if they are collinear,
parallel or orthogonal. In addition, long segments are preferred in the label inferencing. This problem
is, formulated as a standard MRF and solved efficiently with graph cut [66].
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3.3.1. Constrained Model Extension

In our hypothesis, the line segments that constitute the same polygon only have a limited number
of orientation angles, and these angles are always represented by larger edges. As the orientation
of initial angles may be affected by noise, especially short edges, robust detection of inter-polyline
relations is a non-trivial problem. Inspired by [57], we extend the potential orientation angle of all of
the line segments according to the expected inter-polyline relations. Although only one orientation
angle is selected finally, the extended orientation angles help us to recover noisy or under-sampled
line segments and allow us to make global optimal orientation angle selections.

In each plane group that contains detected planes that share the same normal vector, a line
segment in 2D space is represented by the corresponding point sets as p ∈ l = (c,o)T, in which c is
the center position of the segment and o is the orientation angle of this line segment. In order to
enhance the regularities, only a subset of all the possible values for the orientations should be selected.
Therefore, all the orientations are first extended to pairs, which also consider the corresponding
orthogonal direction as ϕ = [o, o ± π/2]. The sign of the extended value is chosen properly so that the
two orientations all fit into the range of [0,π). Then the label space, Φ, is the union set of two parts Φ1

and Φ2. One part is formulated by all the pairs for all the segments as Φ1 = {ϕ1
i|i = 1, 2 . . . , M} and M

is the total number of segments in this plane group. The other part, nominated as virtual angles in
this paper, is formulated by the projections from non-parallel plane groups in the same region as Φ2

= {ϕ1
i|i = 1, 2 . . . , N} and N is the total number of plane groups that are not parallel with this plane

group. Since building outlines are always mutual appeared in intersected planes and the function of a
plane is estimated by a distinct larger amount of points than the function of a line segment, the label
space in Φ2 is more likely to reveal the real orientations.

In the model extension process, the center positions remain unchanged and only the orientation
angles for each segment varies according to the selected label. Note that for a given original model
and a given candidate angle, only one candidate model can be formed, either parallel or perpendicular.
The purpose of the model extension is to ensure that the optimal configuration exists as a subset of the
augmented candidate model set and that a regularized polygon can be simultaneously recovered by
applying a proper model selection strategy.

3.3.2. Model Selection Using Graph Cut

Next, we need to select the optimal models from the extended candidate models. An initial model
can only correspond to one final selected model. An energy function that considers both neighbor
smoothness and data fitting degree is built to measure the regularity and data fitting errors, as below:

E(ϕ) = ∑
l∈L

D(l, ϕl) + λ ∑
(l,k)∈S

e(− |ϕl−ϕk |/σ )

D(l, ϕl) = ∑
p∈l

dϕl
⊥ (p)

(4)

in which, L represents all the line segments in this plane group and l is a line segment which is fitted by
several shifted points. The first term measures the refitted error of the line segments, using the selected
label orientation and means the distance of a point to the corresponding segments. And the second is
the smoothness constraint, which penalizes similar initial angle models that are labeled differently.
S defines the pairwise neighborhood of the segments, which includes pairs of models that have similar
initial orientation angles; σ is the same as in Equation (2) (15◦ selected for all the experiments in this
paper). λ controls the strength of the regularities, and if the value of λ is set to 0, non-regularity are
considered in the optimization process.

We implement the graph cut algorithm [66,67] to minimize the energy function and convert the
labeling result to corresponding orientation angles. Successive segments with the same orientations are
merged to form a new segment and the corners are identified as the intersection of two non-parallel line
segments. As depicted in Figure 2, after the global stage regularization, the piecewise smooth polygons
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are further merged and intersected to form new polygons with two orientation angles that represent
the main structure of the original point boundary while preserving the parallel and perpendicular
relationships between the main edges.

4. Experimental Evaluation

4.1. Description of the Test Data and Evaluation Methods

To test our algorithm, we evaluate the performance in two different application contexts: 2D
building footprint generalization and 3D building model reconstruction. Furthermore, we use both
photogrammetric point clouds generated from aerial oblique images and ALS data to test the robustness
to the different type of noises. The datasets all cover urban areas, such as Hong Kong, and Toronto [68].

The generation of photogrammetric point clouds for the Hong Kong datasets is accomplished
using off-the-shelves SfM/MVS solutions [69]. And, in the pre-processing, the building point clouds are
extracted using existing footprints and post-processing interactions. After that, planes are detected via
RANSAC [61,62,70]. In addition, other powerful methods could replace the methods we have chosen
in this study. Planes which share the same normal are grouped together to be further regularized and
the virtual angle between intersected plane groups are computed. For each plane group, the detected
planes are first rotated and transformed into 2D space; then, border points are extracted by applying
the 2D alpha-shapes. After regularization, the 2D polygons are transformed back into 3D space.
The buildings and corresponding plane segmentations are illustrated in Figure 3, and their basic
information is given in Table 1.
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Figure 3. Photogrammetric point clouds and detected plans of test areas: (a) original building point
clouds and (b) detected planes in the point clouds.

Table 1. Basic information about the photogrammetric test datasets.

Area Name Point Number Point Density (pt/m2) Detected Planes (Groups)

Centre 3,005,398 81 381 (29)

This study also tests the performance of the ALS dataset in 2D footprint generalization. The ALS
data for two areas are acquired from downtown Toronto. The dataset was released by ISPRS [68] and
two areas called Area-4 and Area-5 are used. Building points are extracted using existing building
detection methods [71], then manually refined to correct some apparent mistakes (e.g., remove false
detection and restore incomplete detection). Then, single buildings are obtained through point
clustering and all of the points are projected to the ground plane to conduct boundary extraction and
regularization. The ALS point clouds being tested are shown in Figure 4 and their basic information is
given in Table 2.
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Figure 4. Aerial laser scanning (ALS) point clouds used in the 2D footprint generalization test (color
shaded by altitude).

Table 2. Basic information about the ALS test datasets.

Area Name Point Number Point Density (pt/m2) Detected Planes (Groups)

Area-4 1,291,120 6.15 45 (1)
Area-5 1,138,977 5.42 34 (1)

We compare our algorithm with four representative methods. The first compared method is
the well-known Douglas–Peucker (DP) algorithm (with the threshold from 0.2 m to 0.35 m in most
cases) [27] and the second compared method is a polygon simplification algorithm published by [31]
which we represent as SCS in the following part of this paper. The virtue of these two methods
is to maintain of good approximation error and produce simplified polygons with approving data
fidelity to the input boundary. Besides, we also compared with regularity-skilled methods, e.g.,
the dominant orientation based methods [47] (represent as DOB), and a method which balanced
between regularity and fidelity [20] (represent as BRF). To give a fair comparison between different
polyline simplification and regularization algorithms, the polygons are simplified to similar numbers
of vertexes, e.g., changing the parameters in an adaptive manner. Both qualitative and quantitative
comparisons are conducted. The output polygons are displayed in their original 3D or 2D space and
are compared visually. In order to reveal to what extent do the output polygons approximate the input
boundary (fidelity) and how regular do the polygons are (regularity), two indices are calculated to
quantitatively measure them respectively. Fidelity is defined by the averages of the distances from the
original boundary points to their corresponding output polylines, and regularity is represented by the
distribution of the orientation angles that appear in each output polygon. Since the ALS datasets in
Toronto are released with ground truth [68], the results are further investigated by calculating the root
mean square (RMS) distance and the Hausdorff distance [72] to the reference boundaries. Note that,
only footprints with 1:1 correspondence to the reference datasets are incorporated in the comparison.

4.2. Experimental Comparison of the Photogrammetric Point Clouds

As shown in Figure 5, the proposed method could produce neat polygons with a good quality
that main structures of buildings are rather recognizable. The detailed comparisons for all the five
tested methods are shown in Figures 6 and 7. Although all the five tested algorithms can simplify
the polygon outlines to a certain degree, their visual qualities are different in detail. Since regularity
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constraints are not enforced, the results from SCS and DP could only recover the shape with approving
errors, the parallel and the orthogonal relationship between edges are not preserved.
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from two complimentary views: (a) original colored point clouds and (b) the results obtained by the
proposed method.

Meanwhile, for most rectangules the proposed methods and the method in BRF and DOB could
correctly recover edges which belong to the major orientations. However, as non-dominant orientations
are kept with their original orientations to receive a higher degree of data fidelity in DOB, the output
polygons may contain a lot of tilt edges without mutual regularity. In contrast, the proposed methods
and BRF could discover regularity constraints between non-dominant orientation edges and softly
enforce mutual regularity constraints, resulting in polygons with overall inner regularity. When
comparing reconstructed polygons in 3D, it is obvious that corners which shared by three planes are
visually recognized from the proposed methods, the mutual orthogonal relationship between edges
belong to different planes are also recovered as the intersection angles between different plane groups
are served as virtual orientation angles in the global optimization process. This feature is potentially
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useful for topology reconstruction between polygons. Some polygon-snapping algorithms could
use the results of our algorithm as input [56]. As shown in Figures 6 and 7, results from BRF, DOB,
SCS, and DP are somehow irregular at building corners due to the inaccurate estimation of dominant
orientation in noisy point clouds.

Remote Sens. 2018, 10, x FOR PEER REVIEW  12 of 23 

 

process. This feature is potentially useful for topology reconstruction between polygons. Some 
polygon-snapping algorithms could use the results of our algorithm as input [56]. As shown in 
Figures 6 and 7, results from BRF, DOB, SCS, and DP are somehow irregular at building corners due 
to the inaccurate estimation of dominant orientation in noisy point clouds. 

 
Figure 6. Zoom-in comparison of the regularization methods applied to photogrammetric point 
clouds in the red box region on the left of Figure 5. (a), original colored point clouds; (b–f), results of 
the proposed method, BRF [20], DOB [47], SCS [31], and DP [27] respectively. 

 
Figure 7. Zoom-in comparison of the regularization methods applied to photogrammetric point 
clouds in the red box region on the right of Figure 5. (a), original colored point clouds; (b–f), results 
of the proposed method, BRF [20], DOB [47], SCS [31], and DP [27] respectively. 

Figure 6. Zoom-in comparison of the regularization methods applied to photogrammetric point clouds
in the red box region on the left of Figure 5. (a), original colored point clouds; (b–f), results of the
proposed method, BRF [20], DOB [47], SCS [31], and DP [27] respectively.

Remote Sens. 2018, 10, x FOR PEER REVIEW  12 of 23 

 

process. This feature is potentially useful for topology reconstruction between polygons. Some 
polygon-snapping algorithms could use the results of our algorithm as input [56]. As shown in 
Figures 6 and 7, results from BRF, DOB, SCS, and DP are somehow irregular at building corners due 
to the inaccurate estimation of dominant orientation in noisy point clouds. 

 
Figure 6. Zoom-in comparison of the regularization methods applied to photogrammetric point 
clouds in the red box region on the left of Figure 5. (a), original colored point clouds; (b–f), results of 
the proposed method, BRF [20], DOB [47], SCS [31], and DP [27] respectively. 

 
Figure 7. Zoom-in comparison of the regularization methods applied to photogrammetric point 
clouds in the red box region on the right of Figure 5. (a), original colored point clouds; (b–f), results 
of the proposed method, BRF [20], DOB [47], SCS [31], and DP [27] respectively. 

Figure 7. Zoom-in comparison of the regularization methods applied to photogrammetric point clouds
in the red box region on the right of Figure 5. (a), original colored point clouds; (b–f), results of the
proposed method, BRF [20], DOB [47], SCS [31], and DP [27] respectively.



Remote Sens. 2018, 10, 1996 13 of 22

The quantified fidelity evaluation is presented in Figure 8. As shown in the graph, for all five
tested methods, the average residuals of the output polygon ranges from 0.181 m to 0.253 m while the
numbers of edges are between 3049 and 4019. The number of edges for the proposed method is the
smallest among all the five methods, stating that the output polygons of our method are quite concise.
As for residuals, the minimum average value is 0.181 m which obtained by DOB and the value for the
proposed method is slightly larger than that value (3 cm), which indicates a satisfying data fidelity of
the output polygons by the proposed method.
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In Figure 9, we illustrate the distribution of the orientation angles that appear in the output
polygons. Orientation angles with intersection angle less than 0.1 degrees are identified as the same
orientation angle. And, for same orientation angles, the length of their line segments are accumulated
and divided by the total length of polygons in the scene to get the length percentage for this orientation
angle. As shown in Figure 9, the proposed methods produce polygons with the minimum number of
orientation angles and 1/3 of the total edges (in length) are shared by two orientation angles which
orthogonal with each other. For the other four tested methods, orientation angles also concentred
on several orientations but with less affinity. For DOB, edges belong to the dominant orientation are
detected and complied, however, the remained edges are still irregular. Meanwhile, for BRF, several
distinctive orientations for individual polygons are recovered but lacks inter-polygon regularity.
As illustrated in Figure 9d,e, results from SCS and DP which focus on data approximation, regularity
is not considered. The statistical values in Figures 8 and 9 indicate that our method produces global
regularized polygons that fit the original point boundaries well and maintain data fidelity to a
competitive degree, which conforms to the visual observations in Figures 5–7.

4.3. Experimental Comparison of ALS Point Clouds

The original alpha-shapes boundary of the 2D footprints from Area-4 and Area-5, together
with the corresponding generalized polygons produced by the proposed method are shown in
Figures 10 and 11, respectively. Detailed areas of the two environments are presented in Figures 12
and 13, respectively. Overall, all of the five methods are capable of generalizing building footprints
while maintaining the main structure. Long edges are simplified with good data fidelity due to the
preferable sampling of the original ALS data. However, the results of the detailed reconstructions
of the short edges are different. Shorter edges, which are not as densely sampled as longer ones,
are neatly reconstructed in the polygons produced by the proposed method, BRF, and DOB, but are
distorted or deformed in the polygons produced by SCS and DP. For rectangular footprints, the output
polygons for the Manhattan-based method are concise and regular. However, some tilt edges are not
regularized, see Figures 12 and 13. As for the proposed method, nearly all the major structure of
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original boundaries are well preserved. Potential regularity between edges are discovered to enhance
regularity, and non-dominant orientations are preserved to a large degree.Remote Sens. 2018, 10, x FOR PEER REVIEW  14 of 23 
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Figure 13. Zoom-in comparison of the regularization methods applied to ALS point clouds in the red
box region of Figure 11. (a), original alpha-shapes boundary; (b–f), results of the proposed method,
BRF [20], DOB [47], SCS [31], and DP [27] respectively.

The quantified fidelity evaluations of Area-4 and Area-5 are presented in Figure 14. As shown
in the bar graph, for the polygons in Area-4 and Area-5, the RMS of the output polygons (setting the
original boundary points as references) produced by the five methods are all lower than 0.3 m, and the
overall residuals for Area-5 are lower than Area-4. Given the point density in the original ALS data
(see Table 2), these results are relatively good. In both the two areas the output edge numbers of the
proposed method are the smallest while the residuals for the proposed methods remain a comparable
low level among the five test method, proving again the preferable fidelity of boundaries after the
two-stage regularization. In the meantime, results for the Manhattan-based method in DOB is low
indeed for they keep too many edges with original orientation angles. As a result, the output polygons
by DOB contain the largest number of edges. Since the point density is relatively low, SCS and DP may
lose sharp features and result in distorted polygons with large data fitting residuals.

In addition, we calculate the RMS and Hausdorff distance of the output polygons by comparing
with the ground truth provided by the benchmark sponsors [68]. Apart from evaluating the
performance of the five test methods, the RMS values are also compared with other benchmark
participants’ results reported in their publications [73–75]. As shown in Tables 3 and 4, the RMS for the
proposed method is about 0.77 m in Area-4 and 0.68 m in Area-5 while the Hausdorff distances to the
ground truth polygons are 1.28 m and 1.13 m, respectively. In all the five tested methods, the RMS and
Hausdorff distance of the proposed method is the lowest in both the two test ALS areas, demonstrate
that our method can outperform other boundary simplification and regularization methods. When
comparing with other results which focus on building detection, the RMS value of the proposed
method still shows comparative results. The reason may lie in the fact that the input building point
clouds in this paper are extracted with manual post-processing, thus the input boundaries used here
are more intact.
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Figure 14. Average data fitting residuals and numbers of edges of the output polygons of the
photogrammetric dataset, (a) for Area-4 and (b) for Area-5. From left to right are the values for
the proposed method, BRF [20], DOB [47], SCS [31], and DP [27], respectively.

Table 3. Comparison of the root mean square (RMS) and Hausdorff distance in Area-4.

Method RMS (m) Hausdorff Distance (m)

Proposed 0.77 1.28
BRF [20] 0.79 1.35
DOB [47] 1.11 2.01
SCS [31] 0.94 1.56
DP [27] 1.09 1.86

CKU [73] 1.62 –
YOR [74] 0.80 –

MON2 [75] 0.96 –

Table 4. Comparison of the RMS and Hausdorff distance in Area-5.

Method RMS (m) Hausdorff Distance (m)

Proposed 0.68 1.13
BRF [20] 0.68 1.14
DOB [47] 1.02 2.00
SCS [31] 0.91 1.31
DP [27] 0.93 1.43

CKU [73] 1.68 –
YOR [74] 0.90 –

MON2 [75] 0.89 –

In Figures 15 and 16, we present the distribution graph of the orientation angles that appear in the
output polygons. In Area-4, the output polygons produced by the proposed method are concentrated
on 11 orientation angles and two of which, that deviate from each other by 90 degrees, contain more
than 90% of edges in length. Meanwhile, in Area-5, our method produced polygons are concentrated
on only five orientation angles. The resulting orientation angle histogram of BRF and DOB also show
peaks at the two dominant orientations of the scene, but as inter-polygon constraints are not enforced,
the regional level regularity is not preserved as well as the proposed method. As for the methods in
SCS and DP, due to the low point density, the loss of sharp feature around corners result in irregular
boundaries for small edges which are not well-sampled.
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5. Discussions

The experiments on photogrammetric and ALS point clouds revealed that the output polygons
for the proposed methods have presented better regularities than other methods. Although, in
Figures 8 and 14, the average residuals for the proposed methods are larger than those for BRF [20]
and DOB [47], it should be noted that, in these two experiments, the original boundary points are set
as references to reveal absolute data fidelity; and the data fidelity and regularities are two competed
desires. However, if using the ground truth labeled manually as the reference, the RMS values for
the proposed methods became the smallest. This suggests that the proposed methods could resist the
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noise in original boundary and produce regularized polygons with inter-part regularity, see Figure 9,
Figure 15, and Figure 16. Meanwhile, the Hausdorff distance which measures shape similarity also
confirmed that the results of the proposed methods are the most similar with ground truth in shapes.

Besides, the parameters of the proposed method could be changed regarding the property of
input point clouds and surveying area. In our test, the parameters setting strategy used in this paper
are quite robust for the three test areas. The reason might be that these parameters stand for some
physical meaning which descript the surveyed objects or the input point clouds.

However, there are also some limitations of the proposed methods. Firstly, compared with
BRF [20], DOB [47], SCS [31], and DP [27], which regularized each plane of a single building separately,
the proposed method works on the whole datasets (in the global stage) and computational complexity
increased quadratically with the number of segments. Thus, further incremental processing strategy
should be considered to make the method scalable to large datasets. Secondly, the extraction of planes
from the point clouds, as a pre-processing stage for the proposed methods, is still an open problem in
city scale, especially for the buildings with many fragmented parts.

6. Conclusions

In this study, a method for the hierarchical regularization of noise boundaries of buildings from
ALS and photogrammetric large scale point clouds is presented. The method incorporates two stages
of regularization that reconstruct piecewise smooth line segments and global regularized polygons in
regional level. Qualitative and quantitative comparisons of the proposed method with existing methods
have revealed the effectiveness of the proposed method in handling highly noisy point boundaries
and producing polygons with both satisfactory regularity and data fidelity. The regularized polygons
could fit original boundary points with 0.2 m in average residual while making more than 90% of
edges to be regular (either parallel or orthogonal) with each other. The absolute RMS refers to ground
truth is about 0.7m and the shape similarity is about 1.2 m in the Hausdorff distance.

In the future, three related problems should be solved. First, rather than just planar primitives,
more complex regularities, such as concentric of sphere, cone, and cylinder, may also be investigated.
Second, rather than the volumetric segmentation or 3D plane arrangement [55] approaches for
building reconstruction, which is hard for interactively intervention when the quality of extracted
plane is less desirable, the reconstructed polygons will be explored in an interactive environment,
which is more practical in real-world applications. Third, alternative reconstruction paradigms, e.g.,
3D edge extraction from point clouds then reconstruct building faces from closed edges, may also be
incorporated with the hierarchical regularization methods to produce precision 3D models.
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