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ABSTRACT

An approach to generate 3-D models of buildings from lidar data collected from an urban setting is presented. The
present research focuses on extracting roof structures from a point cloud of a building using a combination of data-
mining techniques. To extract the roof structure, an assumption of planarity has been made, i.e. it is assumed that the
roof can be modeled by a set of planar segments. The task then is to map each of the building point to a planar
segment. We present a method that first separates points lying on or near breaklines, by which we mean points that
are near the intersection of two planar surfaces or points that are near step-edges. Treating these points to be
ambiguous, (i.e. they belong to more than one plane), we separate them from points that are exclusively planar. We
then use neighborhood functions to determine what we call planar patches, and their direction cosines using their
eigenvalue and eigenvector characteristics. Then an unsupervised data clustering technique to cluster these planar
patches into one single plane is described. Most clustering techniques require that the number of clusters be known.
In our case these clusters represent roof planes. We present a way to determine the number of roof planes (clusters)
by using an iterative combination of k-means and density based clustering methods.

INTRODUCTION

Airborne laser scanning technique is one of the most efficient ways of collecting three-dimensional (3-D)
spatial information for large areas. As a result of this scanning process the dataset obtained consists of thousands of
points known as a point cloud. Even though we get direct 3-D data, extracting features of interest is not a trivial
task. In this paper, we will present and demonstrate a technique for extracting roof planes of buildings.

In general, the techniques to reconstruct buildings can be put under two categories. One technique is to model
buildings with a set of parameters, whose values are then determined through the reconstruction procedure (Maas
and Vosselman, 1999). In this approach the selection of an appropriate model is usually carried out by human
operator in an interactive manner. The second technique is data driven, i.e., only generic assumption such as planar
surface is made on the buildings to be reconstructed. Finding the component planes is essentially the key issue in
reconstructing the buildings. The topic in this study falls into the second technique. Rottensteiner and Briese (2003)
generate a digital surface model and determine a few “homogenous pixels”, i.e., pixels which are most likely to be
planar. Connected homogenous pixels are used as initial seeds to generate planar regions. Planar facets are then used
to determine lines of intersection of planes and step edges. This method is improved in (Rottensteiner et al, 2005) by
introducing statistical tests to minimize the dependence on thresholds for all stages, including detection and
classification of roof planes, and breaklines and step edges. Fransens et al (2003) present an algorithm to reconstruct
piecewise planar approximations, to which a hierarchical principal component analysis is used to assess planarity in
a top-down manner. Planar patches are extracted, merged and grown, followed by a triangulation procedure
conforming to the underlying point cloud features. Peternell and Steiner (2004) describe a method where the data is
separated into grids, and for each grid and its eight neighbors surface normals are determined. Then grids with
similar surface normals are connected using a connected component analysis. Al-Harthy and Bethel (2004) use a
technique of moving windows, which is similar to the above technique. They determine the slope in x, slope in y and
the Z intercept for points in each grid placed in the data space. Then a region growing approach is used to extract
planar segments. Vosselmann et al (2004) review the techniques to extract different surfaces, including planar,
cylindrical and spherical surfaces from lidar point clouds. Brenner (2005) summarizes various building
reconstruction techniques using image, lidar and map data that have been suggested by different authors.

The methodology presented in this paper is similar to Fransens et al (2003). We address the problem of planar
surface segmentation based on pattern classification theory. As the first step, the points on breaklines, i.e., the
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intersection of two planar surfaces, are detected based on eigenvalue and eigenvector evaluation. Such breakline
points are excluded from the subsequent clustering calculation to avoid ambiguity. For the remaining data set, we
create a number of planar patches using neighboring points. Eigenvalue and eigenvector functions are used to
estimate the surface normals or direction cosines for each planar patch. An iterative procedure of combined density
based clustering and K-means clustering is then proposed to generate planar surfaces from the planar patches. Such
a procedure makes no assumption about the nature of the planar patches and the number of clusters. As the results of
this clustering process, lidar points lying on each planar surface are determined. This paper presents the theory and
discusses the implementation details along with successful examples.

BREAKLINE DETECTION

It is observed that all the lidar points that lie on a single planar surface can be described using two independent
variables other than three Cartesian coordinates. Such independent variables are related to the eigen-space and

certain transformations must be employed. Consider a group of points P inR3. Let P be the mean vector, the
covariance matrix 2. is then calculated. For this covariance matrix Y., we determine its eigenvalues A, 4,,4,

where 4, <A, <A, and their corresponding eigenvectorsA ,A,,A,. It can be noted that the direction the
eigenvector A, corresponding to the minimum eigenvalue Alwill be in the direction of minimum variance. If the
point set P consists of points that lie on a plane, the eigenvalue 4, should be very close to zero and the eigenvector

A, should be in the direction perpendicular to the plane, i.e., the normal of the plane. On the other hand, if A, is not

negligible, it can be concluded that the point set P does not lie on one plane. If only buildings with planar roof are
considered, such point set actually lies on the intersection of two planes, i.e., breaklines. The above principle is

summarized as: if [4, /(4, + 4, + 43)] < &, then the point set P is planar; otherwise it is on the breaklines.
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Figure 1. Breakline points in red detected from eigenvalue analysis (left, building 1; right, building 2)
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FORMING PLANAR PATCHES

We call a point as lying on a plane or a breakline by considering it along with its neighboring points. Using the
above principle, the point is accorded a planar or a non-planar (breakline) status. This test is carried for all points
individually, by considering a given point along with its neighborhood. As such, we assume that roofs are a series of
planar segments. Because of the discrete nature of the dataset, points that lie close to breaklines are also considered
to be lying on breaklines. It should be noted that this approach is also able to detect all other non-planar points, such
as ‘blunders’ returned from trees etc. Figure 1 shows the detected breakline points in red for two buildings.

Once the breakline points are detected, we are left with a dataset that consists of points on one of the several
roof planes. The remaining dataset is then subdivided into a number of “planar patches”. Each planar patch consists
of a small number (typically between 5 and 10) of neighboring points. Since lidar scans are linear, the neighborhood
should have sufficient extension in two dimensions to avoid only a set of collinear points being selected. As
explained in the above section, the covariance matrix for this set of points is determined and the eigenvector and the
eigenvalues of this covariance matrix are also determined. The eigenvector corresponding to the smallest eigenvalue
gives the direction of the normal to our planar patch. Once we have the surface normals (direction cosines), we can
use clustering algorithms discussed above to bunch up these planar patches into planes.

CLUSTERING PLANAR PATCHES

We now have a series of planar patches that divide the roof. Many of these patches belong to the same plane.
Thus the next step is to combine these patches into one plane based on the patch’s normal vectors and its distance to
the origin as our classification axes. The goal of this section is to group together those patches that can coalesce to a
single plane. To accomplish this task, we make use unsupervised clustering techniques.

Data clustering is a technique in data mining, machine learning and pattern classification. It essentially divides
the given data into different clusters such that data in each cluster shares a common trait. Clustering algorithms can
be broadly classified into hierarchical and partitioning algorithms (Jain et al 1999; Berkhin, 2002). A hierarchical
clustering method produces a nested series of partitions. It produces a dendrogram, which is a tree type structure. At
the top level of the dendrogram, all data is grouped as the same; and at the bottom, all data is grouped as separate.

On the other hand, the partitioning algorithms produce partitions of data based on a similarity (or dissimilarity)
measure. It selects an initial set of partitions and iteratively computes the final partition (clusters). As one of the
common and simple algorithms, K-means is used for clustering in this study. It can be described as follows: For the
K-means algorithm to select K number of clusters in a dataset

1. Initially K cluster centers are chosen randomly among the data points.
2. Each data point is assigned to its nearest cluster center.

3. The cluster centers are recomputed using the current clusters.

4

. Go to step 2 if the convergence criterion is not met, which is usually a decrease in squared error (the distance
of each data point to its cluster center).

The major disadvantage of K-means approach is that the number of clusters should also be known. In this study,
the aim is to cluster together similar planar patches based on its normal vector and distance to the origin. In our case,
the number of clusters corresponds to the number of roof planes in a building and this information is not
immediately known. Another disadvantage of K-means method is that the initial choice of cluster centers is
important; otherwise the algorithm will terminate at a local minimum of the squared errors. Therefore, such
shortcomings need to be properly considered in our application.

The methodology proposed by (Yager and Filev, 1994) is adopted here to estimate the number and initial
location of cluster centers (roof planes). This method is an example of density based clustering. The data space is
gridded and the density of each grid is computed based on the distance of grid center to the data points. A grid with
many data points nearby will have a high potential value. The grid with the highest potential value is chosen as the
first cluster center. Also, once the first cluster center (grid) is chosen, the potential of the nearby grids is reduced
based on their distance from the cluster center. This is to make sure that two grids that are close together do not
become different clusters. The next cluster center is then chosen from the remaining grids with the highest potential.
Chiu (1994) further developed this idea by doing away with grids and using actual data point as cluster centers. Each
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data point is given a potential based on its neighboring points, and the point with the highest potential is considered

2
e )
as a cluster center. Chiu’s study calculates the potential as P| = Ze r
j=1

for each point X; , where r is the

radius (distance from X; ) beyond which points are not considered for potential calculation.

Our experience with this method suggests that the value of the radius is crucial. It is found that having smaller
radii increases the number of clusters and larger radii decreases the number of clusters. An important thing to note
here is that the feature wvector for the clustering algorithm consists of the three direction cosines
cos(ar), cos(f3), cos(y) of the planar patches. It is difficult to pick proper radius values that can effectively define

good neighborhoods in this domain. To overcome the problem, the density based clustering method is iteratively
implemented, starting from small radii, which gives a larger number of clusters, to larger radii, which gives less
number of clusters. The cluster centers and the number of clusters generated in each iteration are used as input to K-
means clustering algorithm, which produces clusters with new cluster centers.
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Figure 2. Determining the number of clusters Figure 3. Normal vector clusters with the red dots as cluster centers

As the radius for density clustering is decreased from a very large to a small value (which indirectly increases
the number of clusters), the sum of distances from each point to center keeps getting smaller, till it reaches a flat
region. Figure 2 illustrates this fact. As the number of clusters increase, each cluster becomes more compact, and the
distance of the cluster point to the cluster center decreases. The cluster distances decrease sharply and then stabilize.
The shape of the curve looks like an elbow joint. The point where the cluster distance stops decreasing sharply (the
joint in the elbow) is taken as the actual number of clusters. A further understanding of such a phenomenon can be
obtained in Tibshirani et al (2001).

This process simultaneously gives us the number of clusters and the cluster centers. The cluster centers
essentially mean that the normal vectors of the different roof planes are known. A distribution of the normal vectors
and their cluster centers is shown in Figure 3. We now have clusters of planar patches. Each cluster consists of a
number of patches that are all parallel to each other, and many of them will be coplanar too. To separate the parallel
patches within a cluster, we examine the distance of each patch from the origin, using the distance equation

D=N,X,+NY +N,Z /\JNZ+NZ+NZ where (X,,Y,,Y,) is the center of the patch and (N,, Ny, N;)

are its normal vectors. A connectivity check is used to separate coplanar patches that are not spatially adjacent.
Finally, the breakline points detected at the beginning are tested against each plane

discriminant N, X + N ;Y + N;Z + D, , where i=1,2,....n for all n planes, to determine the plane or planes it may
belong to.
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Figure 4. Color coded planar roof points

DISCUSSIONS

Color coded roof points are shown by clustered roof planes in Figure 4. The results indicate that almost of all
points are classified correctly to their respective planes. The use of the equation of the various planes as discriminant
functions can cause some misclassification errors. For instance, a particular plane segment might intersect another
plane segment when their equations are solved, and such points that satisfy both these equations can be
misclassified. Use of neighborhood analysis such as comparing the classification of a point with its neighborhood
points reduces such errors.

We have tried to minimize the use of thresholds as much as possible. The threshold for the ratio
M (A4 + A, + A3) is set to be 0.005 based on experiments with many buildings. Decreasing or increasing this

threshold will cause more or less points to be classified as breakline points. The number of points that are included
as breaklines (more specifically, the thickness) does not cause a great deal of concern, if the planes of the roofs are
reasonably big. This is because only a few points are needed to define a plane, and we can assume that a reasonably
big plane shall have a sufficient number of lidar returns. In this case, it is possible to easily extract plane parameters,
and the breakline points can be assigned to their proper planes based on the equations of the derived planes, as
discussed in the previous section.
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The presence of smaller planes in the roof is a cause for concern. In general, the size of the planar patches
should be selected no larger than the smallest roof entity. The risk with smaller patches is that there might not be
enough points on each patch to define a plane or the points might be nearly collinear.

The size of the patches also plays an important role in the clustering process. In general, it is preferable to have
a large number of small patches rather than a small number of large patches. This helps the clustering algorithm to
be robust. A large patch and a small patch carry equal weight in the clustering process, and having larger number of
patches means we have more data points in the feature (normal vector ) domain for clustering.

Since the clustering process needs the number of clusters (planes) and an initial approximation for the planes as
input, we go through an iterative process by combining a density based approach with the K-means clustering
approach to autonomously determine these parameters. The radius for the density approach is initially kept high.
This means that the initial clusters will probably be composed of more than one smaller cluster. This causes the
distance of the cluster components to the centroid to be high. As we decrease the radius, the number of clusters
increase, and the clusters become more compact. This causes the centroidal distance to decrease sharply till we reach
the optimal number of clusters. This iterative procedure eliminates the use of thresholds and generates the number of
roof planes and the roof plane parameters without any assumptions regarding the building, its orientation or the
direction of the breaklines.

In summary, we have demonstrated a method to segment the lidar points from roof of buildings into different
roof planes. The only assumption that has been made is that the roofs are planar. We demonstrate a method of
determining points that lie along the breaklines, i.e. along intersection of two (or more) roof planes, by using
eigenvalue and eigenvector analysis. We also show that points that are reflected off trees are also categorized as
breaklines. Therefore, this is also a method of removing points that are from trees, rather than the building top. The
non-breakline points are then divided to planar patches characterized by its normal vector and distance to origin. To
group the patches into planar surfaces, an iterative combination of density based clustering, which generates cluster
centers and the number of clusters, with K-means clustering are investigated, which yields satisfactory and
promising results of moderate complex buildings.
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