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Abstract. This paper presents a scheme to detect building regions, followed by a 
reconstruction procedure.  Airborne LIDAR data and aerial imagery are integrated 
in the proposed scheme. In light of the different buildings, we target the ones with 
straight and curvilinear boundaries.  In the detection stage, a region-based 
segmentation and object-based classification are integrated.  In the building 
reconstruction, we perform an edge detection to obtain the initial building lines 
from the rasterized LIDAR data.  The accurate arcs and straight lines are then 
obtained in the image space.  By employing the roof analysis, we determine the 
three dimensional building structure lines.  Finally, the Split-Merge-Shape method 
is applied to generate the building models.  Experimental results indicate that the 
success rate of the building detection reaches 91%.  Among the successfully 
detected buildings, 90% of the buildings are fully or partially reconstructed.  The 
planimetric accuracy of the building boundaries is better than 0.8m, while the 
shaping error of reconstructed roofs in height is 0.14 m. 
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1   Introduction 

Building modeling in cyber space is an essential task in the application of three-
dimensional geographic information systems (GIS) [1]. The extracted building 
models are useful for urban planning and management, disaster management, as well 
as other applications. 

Traditionally, the generation of building models is mainly performed by using 
stereo aerial photography. However, the airborne LIDAR (Light Detecting And 
Ranging) system is proving to become a promising technological alternative. As the 
airborne LIDAR integrates the Laser Scanner, Global Positioning System (GPS) and 
Inertial Navigation System (INS) together, it is able to provide direct georeferencing.  
Its high precision in laser ranging and scanning orientation renders possible decimeter 
level accuracy of 3D objects.  The three-dimensional point clouds acquired by an 
airborne LIDAR system provide comprehensive shape detail, while aerial images 
contain plentiful spectral information. Thus, the integration of the two complementary 
data sets reveals the possibility of an automatic generation of building models.  
Several data fusion methods have been proposed to generate building models, e.g., 
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LIDAR and aerial images, [2] LIDAR and three-line-scanner images [3], LIDAR and 
satellite images [4], LIDAR, aerial images and 2D maps [5]. 

The physical mechanism in the model generation includes the identification of the 
buildings region, and the reconstruction of the geometric models. To automate the 
identification procedure, a classification process using remotely sensed data should be 
employed to detect the building regions. The reconstruction strategy can be classified 
into two categories, i.e., model-driven and data-driven.  The Model-driven approach 
is a top-down strategy, which starts with a hypothesis of a synthetic building model. 
Verification of the model’s consistency with the LIDAR point clouds is then 
performed. In the strategy, a number of 3D parametric primitives are generated by the 
segmentation of the LIDAR data. Afterwards, the best fitting primitives is selected 
from the aerial image.  The building model is obtained by merging together all the 3D 
building primitives [6]. This method is restricted by the types of 3D parametric 
primitives.  The Data-driven approach is a bottom-up strategy, which starts from the 
extractions of the building primitives, such as building corner, structure lines and 
roof-tops. Subsequently, a building model can be grouped together through a 
hypothesis process. A general approach is to extract the plane features from the 
LIDAR point clouds, and detect the line features from the aerial image. The plane and 
line features are combined to develop the building models [7]. The reported results 
are limited to buildings with straight line boundaries.  Buildings with curvilinear 
boundaries are seldom discussed. Furthermore, there is no report in the literature on 
3D curvilinear building modeling from LIDAR and image data. 

From a data fusion’s point of view, we propose a scheme to reconstruct building 
models via LIDAR point clouds and aerial image. The proposed scheme comprises of 
two major parts: (1) detection, and (2) reconstruction.  Spatial registration of the 
LIDAR data and aerial imagery is performed during the data preprocessing. The 
registration is done in such a way that the two data sets are unified in the object 
coordinate system. Meanwhile, we calculate the exterior orientation parameters of the 
aerial imagery by employing ground control points. Afterwards, a region-based 
segmentation and object-based classification are integrated during the building 
detection stage. After the segmentation, the object-based classification method detects 
the building regions by considering the spectral features, shape, texture, and elevation 
information. For the building reconstruction stage, the building blocks are divided and 
conquered. Once the building regions are detected, we analyze the coplanarity of the 
LIDAR point clouds to obtain the 3D planes and 3D ridge lines. We use the edge 
detection method to obtain the initial building lines from the rasterized LIDAR data.  
Through the back projection of the initial lines to the image space, the accurate arcs 
and straight lines are obtained in the image space. The edges extracted from the aerial 
image are incorporated to determine the 3D position of the building structure lines. A 
patented Split-Merge-Shape [8] method is then employed to generate the building 
models in the last step. 

This article is organized as follows.  Section 2 discusses the methodology of the 
building detection. In section 3, the building reconstruction strategy is presented. We 
validate the proposed scheme by using aerial image and LIDAR data acquired by the 
Leica ALS50 system in section 4. Finally, a summary of the described method is 
given at the last segment. 
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2   Building Detection 

The primary objective of this section is to extract the building regions. There are two 
steps in the proposed scheme: (1) region-based segmentation, and (2) object-based 
classification. The flow chart of the detection method is shown in Fig. 1. 

There are two ways to conduct the segmentation. The first is the contour-based 
approach. It performs the segmentation by utilizing the edge information.  The second 
is the region-based segmentation.  It uses a region growing technique to merge pixels 
with similar attributes. We select the region-based approach, because it is less 
sensitive to noise. The proposed scheme combines the surface variations from the 
LIDAR data with the spectral information obtained from the orthoimage in the 
segmentation. The pixels with similar geometric and spectral properties are merged 
into a region. 

After segmentation, each region is a candidate object for classification.  Instead of 
a pixel-based approach, an object-based approach is performed. Considering the 
characteristics of elevation, spectral information, texture, roughness, and shape, the 
classification procedure is performed to detect the building regions. The considered 
characteristics are described as follows. 

(1) Elevation: Subtracting the Digital 
Terrain Model (DTM) from the Digital 
Surface Model (DSM), we generate the 
Normalized DSM (NDSM).  The data 
describes the height variations above 
ground.  By setting an elevation threshold, 
one can select the above ground objects, 
which include buildings and vegetation. 
(2) Spectral information: The spectral info-
rmation is obtained from color aerial image. 
A greenness index is used to distinguish the 
vegetation from non-vegetation areas. 
(3) Texture: The texture information is re-
trieved from aerial image via a Grey Level 
Co-occurrence Matrix (GLCM) [9] texture 
analysis.  GLCM is a matrix of relative 
frequencies for pixel values occurring 
within a specific neighborhood.  We select 
the entropy and homogeneity as indices to 
quantify the co-occurrence probability.  The 
role of the texture information is to separate 
the building from the vegetation, when the 
objects have similar spectral responses. 
(4) Roughness: The roughness of the LIDAR data aims to differentiate the vegetation 
regions from non-vegetation ones.  The surface roughness is similar to the texture 
information of the image data.  The role of the surface roughness is to separate the 
building and vegetation, when the objects have similar spectral responses.  We choose 
the slope variance as the roughness index. 

Y

 

Fig. 1. Flowchart of building detection 
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(5) Shape: The shape attribute includes the size and length-to-width ratio.  An area 
threshold is used to filter out the overly small objects.  This means regions smaller 
than a minimum area are not taken into account as a building.  The length-to-width 
ratio is suitable to remove the overly thin objects.  The objects would not be 
considered as a building, when the length-to-width ratio is larger than a specified 
threshold. 

3   Building Reconstruction 

The reconstruction stage begins by isolating each individual building region.  The 
stage includes three parts: (1) detection of roof planes, (2) extraction of 3D structure 
lines, and (3) 3D building modeling.  The flow chart of the building reconstruction is 
shown in Fig. 2. 

 

Fig. 2. Flowchart of building reconstruction 

3.1   Detection of Roof Planes 

A TIN-based region growing procedure is employed to detect the roof planes. The 
point clouds are first structured to a TIN-mesh built by Delaunay triangulation. The 
coplanarity and adjacency between the triangles are considered for the growing TIN-
based regions. The coplanarity condition is examined by the distance of the triangle 
center to the plane. When the triangles meet the coplanarity criteria, the triangles are 
merged as a new facet. The process starts by selecting a seed triangle and determining 
the initial plane parameter. The initial plane is determined from the seed triangle. If 
the distance of the neighbor triangle to the initial plane is smaller than a specified 
threshold, the two triangles are combined. The parameters of the reference plane are 
recalculated using all of the triangles that belong to the region.  The seed region starts 
to grow in this manner. When the region stops growing, a new seed triangle is chosen.  
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The region-growing stops when all of the triangles have been examined.  Due to the 
errors of the LIDAR data, the detected regions may consist of fragmental triangles.  
Thus, small regions that have the closest normal vector will be merged in its 
neighborhood.  After the region growing, we use the least squares regression to 
determine the plane equations. A sample result of the detection is illustrated in Fig. 3. 

  
(a) (b) 

Fig. 3. Illustration of detection for roof planes (a) triangles mesh (b) extracted planes 

3.2   Extraction of 3D Structure Lines 

Two types of building structure lines, namely, ridge lines and step edges are targeted 
in this study. The ridge line is a building feature, where two planes intersect. It can be 
determined by the extracted planes. The step edge represents a building structure, 
where roofs have height jumps. A step edge may be straight or curvilinear. 
Considering the difference in the spatial resolution, each initial step edge is estimated 
from the LIDAR data, while the precise step edge is extracted from the image. 

In the extraction of ridges, the line is obtained by the intersection of the 
neighboring planes. Mathematically, the intersection line computed from the plane 
equations is a 3D straight line without end points. Thus, we use the shared triangle 
vertices to define the line ends. That means the final product of a ridge line is a 
straight line with two end points. 

In the extraction of step edges, we detect the initial building edges from the 
rasterized LIDAR data. The rough edges from the LIDAR data are used to estimate 
the location of the step edges in the image space. Building edges around the projected 
area are detected through the Canny Edge Detector [10]. At this stage, there is no pre-
knowledge about the lines being straight or curvilinear. In order to distinguish the 
straight lines from the curvilinear ones, we develop a scheme to identify the different 
line types. The basic mechansim is to determine the most probable radius of a 
segment. First, we perform the line tracking to split all the edges into several line 
segments. A sample of the extracted edge pixels are shown in Fig. 4a. Fig. 4b 
demonstrates a sample result of the split line segments. Afterwards, we merge the 
adjacent line segments by the criterion of length and angle. The merged lines are 
treated as an arc candidate. Fig. 4c presents a sample result of the arc candidate. The 
last step is to test the rationality of the radius for each arc candidate. We randomly 
select three points from an arc candidate to calculate a radius. All the points are tested 
to generate a radius histogram like Fig. 4d. The horizontal axis is for the radii of 
possible circles, while the vertical axis presents the accumulated number of the radii. 
The arc candidate is accepted when the radius shows the highest concentration. 
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Fig. 4. Illustration of curvilinear lines separation (a) extracted edges (b) split line segments (c) 
arc candidates (d) radius histogram 

For the classified straight lines, we use the Hough Transform [11] to extract the 
target lines in a parameter space. Eq. 1 shows a straight line being transformed in the 
Hough space. On the other hand, the classified curvilinear lines are extracted by a 
modified Hough Transform [12].  The circle equation is shown in Eq. 2. Notice that 
the circle’s radius is calculated from the radius histogram, as described above. Given 
the image coordinates and the height information from the 3D planes, we calculate the 
3D structure lines in the object space via exterior orientation parameters. 

ρθθ =+ sincos ii yx  . (1) 

where, 
xi,yi: the pixel coordinate in location i, 
θ: angle, and 
ρ: distance. 

222 )()( rbyax ii =−+−  . (2) 

where, 
xi,yi: the pixel coordinate in location i, 
a,b: the center of a circle, and 
r: radius of circle. 

3.3   3D Building Modeling 

The extracted 3D structure lines are processed by a patented method, i.e., Split-
Merge-Shape method [8], for building reconstruction. The Split and Merge process 
sequentially reconstructs the topology between the two consecutive line segments, 
and then reforms the areas as enclosed regions. The two procedures are performed in 
a two dimensional space. During splitting, a line segment is chosen for reference.  We 
split all the line segments into a group of roof primitives. All of the possible roof 
primitives are generated by splitting the area of interest from all the line segments.  In 
the merging procedure, the connectivity of the two adjacent roof primitives is 
analyzed successively. If the boundaries shared between them do not correspond to 
any 3D line segment, the two roof primitives will be merged. 

The Shape step uses the available 3D edge height information to determine the 
most appropriate rooftop. The Shape process is performed in a three dimensional 
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space. The first step of shaping is to assign a possible height for each roof edge from 
its corresponding 3D edge.  Every 3D edge is first automatically labeled as a shared 
edge or an independent edge. The height for an independent edge can then be 
assigned from its corresponding 3D edges. The second step is to define the shape of a 
rooftop, according to the height of the independent edges. If more than two 
independent edges exist, and are sufficient to fit into a planar face, a coplanar fitting is 
applied. Fig. 5 demonstrates the modeling procedure. 

 
 

(a) (b) (c) (d) 

Fig. 5. Procedure of building modeling (a) 3D line segments (b) results of splitting (c) 
results of merging (d) results of shaping 

4   Experimental Results 

The LIDAR data used in this investigation covers a test area situated within the 
Industrial Technology Research Institute in northern Taiwan. The LIDAR data is 
obtained by the Leica ALS 50 system. The average density of the LIDAR point 
clouds is 2pts/m2.  The LIDAR data is shown in Fig 6a. The ground sampling distance 
of the aerial image is 0.5m. Fig 6b shows the image of the test area. The test area 
contains complex buildings, such as straight lines and curvilinear boundary buildings.  
The roof type is either flat or gable. There are 23 buildings in the test area. 

We use stereoscopic measurements to derive the building models, as references for 
validations. The experiments include three different aspects in the validation 
procedure. The first evaluates the detection rate for building regions. The second 
checks the planimetric accuracy of building corners. The third assesses the height 
discrepancy between the roof top and the original LIDAR point clouds. 

4.1   Building Detection 

During building detection, the surface points and ground points from the LIDAR data 
are both rasterized to DSM and DTM with a pixel size of 0.5m.  The aerial image is 
orthorectified by using the DSM.  A 1/1,000 scale topographic map is employed for 
ground truth.  The classified results, which are superimposed onto a  topographic map 
is shown in Fig. 6c.  It is found that 21 out of the 23 buildings are successfully 
detected, where the detection rate is 91%.  The missing buildings are, in general, too 
small for detection.  Both of the two missing buildings are smaller than 30 m2. 
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(a) (b) (c) 

Fig. 6. Results of building detection (a) LIDAR DSM (b) aerial image (c) detected building 
regions with vector maps 

4.2   Building Reconstruction 

During building reconstruction, we categorize the buildings into three types: (1) straight 
line buildings with flat roofs, (2) straight line buildings with gable roofs, and (3) 
curvilinear boundary buildings with flat roofs. Two selected examples with different 
building complexities are given in Fig. 7. Fig. 8 shows all the generated building models. 

In the accuracy evaluation, we compare the coordinates of the roof corners in the 
reconstructed models with the corners acquired by the stereoscopic manual 
measurements. The Root-Mean-Square-Errors (RMES) are 0.71m and 0.73m in the X 
and Y directions, respectively. The ground resolution of the aerial image is 0.5m. 
Thus, the accuracy is roughly 1.5 pixels in the image space. In Fig. 9, we provide 
error vectors that are superimposed onto the building boundaries. 

    

(a) (b) (c) (d) 

    

(e) (f) (g) (h) 

Fig. 7. Results of reconstruction for complex buildings (a) building regions of case 1, (b) detected 
planes of case 1, (c) extracted lines of case 1, (d) generated building models of case 1, (e) building 
regions of case 2, (f) detected planes of case 2, (g) extracted lines of case 2, (h) generated building 
models of case 2 
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Fig. 8. The generated building models     Fig. 9. Error vectors of building corners 

Table 1. Success rate of building reconstruction 

Straight line boundaries Curvilinear boundaries Reconstruction 
results Flat roof Gable roof Flat roof 

Success 
rate (%) 

Correct 9 5 2 76 
Partially correct 2 0 1 14 
Erroneous 0 2 0 10 

The fidelity of the building reconstruction is validated in terms of the success rate. 
The success rate of the reconstruction is divided into three categories, namely, correct, 
partially correct and erroneous. Reconstructed buildings that have the same shape 
with their actual counterpart are deemed correct. For the partially correct, they 
represent the group of connected buildings, where only a portion is successfully 
reconstructed. The reconstruction is erroneous, when the building model is inherently 
different in shape with the actual one. Table 1 shows the success rate for the three 
types of buildings.  Seventy six percent of the buildings is correctly reconstructed. 
The buildings that failed in the reconstruction, i.e., the erroneous category, are the 
small ones that do not have enough available LIDAR points. The mean value of the 
height differences between the LIDAR points and roof surface, which is called the 
shaping error, is 0.12 m. The discrepancies range from 0.06 m to 0.33 m. 

5   Conclusions 

In this investigation, we have presented a scheme for the extraction and reconstruction 
of building models via the merging of LIDAR data and aerial imagery.  The results 
from the tests demonstrate the potential of reconstructing the buildings with straight 
lines and curvilinear boundaries.  The building models generated by the proposed 
method take advantage of the high horizontal accuracy from the aerial image, and 
high vertical accuracy of the LIDAR data.  More than 91% of the building regions are 
correctly detected by our approach.  Among the successfully detected buildings, 
ninety percent of the buildings are fully or partially reconstructed.  The planimetric 
accuracy of the building boundaries is better than 0.8m, while the shaping error of the 
reconstructed roofs in height is 0.14 m. This demonstrates that the proposed scheme 
proves to be a promising tool for future applications. 
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