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摘要 

 

數碼城市是真實城市於資訊系統中建構的數位式虛擬版，數碼城市可應用於城市之規

劃、設計、建設、及管理等。房屋模型為數碼城市中重要的元件之一。在傳統航測製圖

作業中，使用航空影像立體對重建房屋模型。近年來，光達系統技術漸趨成熟，提供了

另一類資料進行房屋建模，因此，本研究之目的為使用光達點雲進行房屋重建。 

本研究的第一部份為使用分治策略結合光達點雲及地形圖重建房屋模型。主要工作包含

三個步驟：(1)房屋分解，(2)房屋基元形塑，及(3)房屋基元合併。在房屋分解時，使用

光達資料偵測屋頂結構線，並利用該屋頂結構線分解地形圖之房屋輪廓，以產生許多簡

單的二維房屋基元。接著，使用每一個房屋基元內的光達點雲形塑平面或弧面之屋頂。

最後，考量基元間之共面及共線特性將三維房屋基元合併為一房屋模型。 

本研究的第二部份為點雲密度與屋頂分割及屋頂形塑之模擬與分析。由於光達系統之掃

描特性，使用其掃描點隨機的分佈在地表面，因此點雲密度是複雜建物形塑的關鍵因

素。本研究探討點雲密度、雜訊比例、屋頂複雜度及形塑精度之關係。模擬分析成果顯

示，增加點雲密度可提升形塑精度。且平頂及弧頂建物在雜訊比例分別小於 30%及 15%

時，可達到 15 公分之精度要求。 

實驗中分別用台北及屏東地區資料進行測試，重建之成功率可達 90%且漏授率低於

5%，房屋模型重建之平面及高程精度優於 50cm。實驗結果顯示，本研究所提出的方法

可產生高可靠度之房屋模型。 
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ABSTRACT 

 

The cyber city has demonstrated its potential as a replica of the real one in urban and 

environmental planning, design, construction, and management. The building model is one of 

the most important elements in a cyber city. Traditionally, the reconstruction of building 

models is performed by using aerial photography. An emerging technology, the airborne lidar 

(Light Detection and Ranging) system provides a promising alternative. Hence, in this 

investigation we utilize lidar point clouds for building reconstruction. 

The first part of this investigation presents a scheme for the reconstruction of building models 

from lidar point clouds and topographic maps using the divide-and-conquer strategy. The 

proposed scheme comprises three major parts: (1) decomposition of building boundaries; (2) 

shaping of building primitives; and (3) combination of building primitives. In the 

decomposition of building boundaries, the lidar data is selected to extract the inner structure 

lines. Then, building boundaries are divided using the extracted feature lines by the split 

procedure into several building primitives. To shape the building primitives, parameter fitting 

is applied to shape the roof for each building primitive from lidar point clouds. The roof 

shapes include both planar and circular types. Finally, a least squares adjustment process 

which considers the co-planarity and co-linearity is used to merge the 3-D building primitives 

into building models. 

In the second part of this investigation the effects of point cloud density for roof splitting and 

roof shaping are analyzed. Since the lidar is a non-targeting sampling system, the 

measurements are randomly distributed over the surface. Thus, the density of point clouds is 

an important issue in the reconstruction of complex objects. We focus on the relationship 

among point density, noise level, roof complexity, and the accuracy of generated roofs. 

Experimental results indicate that the accuracy improves as the point density increases. In 
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shaping accuracy results, an accuracy of 15cm may be reached when the outliers are smaller 

than 30%. For non-flat roofs, the same accuracy may be achieved, provided that no more than 

at most 15% outliers exist. 

The proposed method is tested with the data collected from Taipei and Pingdong city in 

Taiwan. The reconstruction rate is better than 90% while the omission error is smaller than 

5%. The planimetric and vertical accuracy of the reconstructed models are both better than 

50cm. The experimental results confirm that the proposed scheme produces high fidelity 

models. 
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CHAPTER 1. INTRODUCTION 

 

"The straight line belongs to man, the curve to god." - Antoni Gaudi (1852-1926). 

In the real world, most man-made objects, especially buildings, are composed of straight lines. 

One possible reason for this is that straight lines are well-controlled and regular. Straight lines 

can be the simplest elements of a complex object. Planar roofs are combination of straight 

lines. Curvilinear roofs may also be constructed of many straight line segments. These make 

up the architectural phenomena of building construction in the real and virtual worlds. 

 

1.1 Motivation 

The importance of cyber city modeling is increasing due to the need for accurate 3-D spatial 

information for urban planning, construction, and management (Hamilton et al., 2005; Kim 

and Bejleri, 2005). A cyber city is a replica of a real city reconstructed in cyber space that can 

be stored in an information system. Such models are an essential part of urban and 

environmental planning, hazard mitigation (Dash et al., 2004), telecommunications 

(Allegretti et al., 2005), flight simulation (Volz and Klinec, 1999), transportation planning, 

and map revision. In addition, the timely information provides valuable decision support to 

city managers. 

In the late 1990s, OEEPE (The Organisation Europeenne d'Etudes Photgrammetriques 

Experimentales) conducted a survey on 3-D city models. The motivation and goal of the 

survey was to find out the state-of-the-art of acquiring and using 3-D data in urban areas. The 

survey was in the form of a questionnaire which was sent out to about 200 European 

institutions (Kaartinen and Hyyppä, 2006; OEEPE, 1996). Fifty-five institutions from 

seventeen countries responded to the questionnaire. The results showed that the most 

important object of interest according to the users were buildings (95%), traffic networks 

(76%) and vegetation (71%). Most of the users agreed that buildings were the most attractive 
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elements in a 3-D city. It was also stated that there was a definite lack of economical 

techniques for producing 3-D city data. The lack of knowledge of information sources, as 

well as high costs for city object acquisition hindered broader usage of the technology. 

Remote sensing is one of the relevant technologies to establish spatial information for a cyber 

city. Nowadays, progress in computer and information technologies has driven remote 

sensing to a new era. The development of remote sensing focuses on three major aspects: 

integration, automation, and feature extraction (Gruen, 2005). 

1. Integration (Sensor, data, processing) 

With the availability of various data sources such as conventional aerial imagery, digital 

aerial imagery, lidar point clouds, SAR (Synthetic Aperture Radar), etc., new sensors are 

being developed, bringing new technologies into the remote sensing community. There 

is a trend toward combining various types of sensors (Roth, 2005), for example, imaging 

sensors with lidar systems. In the future, the task of data acquisition for spatial data 

could be performed by multi-sensor-grammetry rather than the traditional 

photogrammetry. The advantage of sensor fusion is not only the obtaining of data with 

different characteristics but also acquiring the data at the same time. More and more 

applications being developed based on integrating data from two or more sources to 

overcome the drawbacks of specific sensors. A large amount of investigation has shown 

the potential of data fusion for different purposes, such as classification, change 

detection, data mining, feature extraction, and so on. Besides sensor/data fusion, 

processing algorithms are also being integrated to solve certain problems. Different 

algorithms may satisfy a particular problem but in order to solve a complex problem, 

different strategies are combined. For example, pixel-based and object-based 

classification may be integrated in the classification of a complex area. Pixel-based 

classification provides the optimal segmentation parameters in object-based 

classification (Wang et al., 2004). 
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2. Automation 

Improving the degree of automation is one of the challenging tasks in photogrammetry. 

Due to the digital revolution, the digitization of spatial data and computer computation 

enhance automation. Many functional aspects of photogrammetry, i.e., triangulation, 

digital elevation model (DEM) extraction, and orthorectification, are now being 

automated to a certain degree. The most challenging problems in automation are 

reliability and quality. Nowadays, automation is not only necessary to reduce manual 

work and costs, but also to generate the most up-to-date data. Automatic photgrammetric 

systems will be a trend in the future. For example, the development of real-time 

photogrammetric mapping systems to produces DEMs and orthophotos during a flight 

(Wu et al., 2004). 

3. Feature extraction 

Remote sensing data always contain a lot of useful information. Feature extraction is an 

operation to extract the various features for identifying or interpreting meaningful 

objects from remotely sensed data. It is aimed at computing the abstract from the data, 

such as spectral features, geometric features, or texture features. Feature extraction is 

very important in automating photogrammetric systems, which helps to minimize human 

operations. Many feature algorithms are used to detect the features. A very large number 

of feature detectors have been developed. Nevertheless, the difficult part of feature 

extraction is that the extracted feature is not necessarily the information of interest. Thus, 

a high-level feature selection technique is demanded to improve the result of low-level 

feature extraction. 

Building model is one of the most important and attractive elements in a cyber city. The 3-D 

building model is mainly reconstructed from aerial images, lidar point clouds and vector 

maps. The extraction of buildings from different sources is still one of the most challenging 

tasks. The current trend in building extraction is to improve the automation of building 
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recognition and reconstruction from different sources. Hence, building extraction is one of 

the research topics with great potential in the development of remote sensing technology. 

 

1.2 Research Objectives and Scope 

The aim of this research is to automate the manual production of building reconstructions 

from lidar point clouds. 

We first provide the methodology for building reconstruction. In order to handle the 

complexity of building extraction, lidar data is combined with other complimentary data, i.e., 

vectorized topographic maps. Since the building boundaries are already available from vector 

maps, we focus on the reconstruction part. To reconstruct a variety of buildings, flat, gable, 

cylindrical and spherical roof elements are included. When the lidar data is calibrated, its 

registration to the maps is assumed. Another assumption is that the building objects indicated 

by the lidar data and vector maps do not change. Furthermore, 3-D point clouds are acquired 

from air-borne systems so the most visible area is the roof top of the building. The details 

under the roof may not be acquired from an air-borne sensor; see Figure 1.1. Hence, in this 

research we focus on the reconstruction of roof top detail rather than the geometric shapes 

below the roof top. 

In the second part of the study we perform a simulation and analysis of the effects of the 

point density process for roof shaping. Since the lidar is a non-targeting sampling system, the 

measurements are randomly distributed over the surface. The point density might not be that 

critical in the reconstruction of open terrain however, it is an important factor for the complex 

objects such as buildings. The density has a direct impact on the reconstruction reliability. 

Thus, the objective of this investigation is to analyze the effects of point density for roof 

shaping by using a simulation and real data and analyzing the relationship between point 

density, noise level, roof complexity, and the accuracy of generated roofs. 
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Figure 1.1. An example of an occlusion area from an air-borne sensor. 

 
1.3 Contribution 

This research contributes to the fields of building reconstruction from airborne lidar data in 

the following aspects: 

1. The major contribution of this investigation is to propose a solution for the 

reconstruction of complex buildings. This method utilizes a divide-and-conquer strategy 

to perform the building modeling. First, the building is divided into several building 

primitives; the building models are then reconstructed from the building primitives. 

2. Reconstruction strategy can be classified into two categories, i.e., model-driven and 

data-driven. These two strategies have their own advantages and limitations. A hybrid 

strategy may overcome the limitations of each strategy. In this investigation we integrate 

the parameter model and polyhedral model method to reconstruct the soft roofs. This 

hybrid method integrates the data-driven ideas for primitive extraction and model-driven 

ideas for shape fitting. 

3. In this study not only do we shape flat roofs, but also cambered (i.e., cylindrical, 

spherical and non-linear) ones. The precise shaping of non-linear roofs provides a more 

realistic building model. 
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4. This research analyzes the effects of point density for roof splitting and shaping. This 

research uses the simulation data to determine the relationship between point density, 

noise level, and roof complexity. 

 
1.4 Dissertation Organization 

This dissertation is structured as follows. The next chapter presents an overview of the 

building extraction procedure followed by a literature review of existing building extraction 

techniques. Chapter 3 introduces the techniques on which the proposed scheme is based. In 

Chapter 4 the reliability of the splitting and accuracy of the shaping is analyzed. Chapter 5 

describes the experiments carried out to demonstrate the feasibility and robustness of the 

proposed methodologies. In Chapter 6 some conclusions are drawn from this study and 

recommendations made for future steps. Finally there is a bibliography listing the related 

sources cited in this research. 
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CHAPTER 2. LITERATURE REVIEW 

 

Building extraction is accomplished by a great variety of methods (Brenner, 2005) depending 

on the type of building representation, type of strategy, level of automation, kind of data sets 

used, etc. In this investigation, the term “building extraction” is used for building detection, 

as well as building reconstruction. This chapter reviews the relevant investigations of 

building extraction and gives a general overview of research trends and the ideas of various 

approaches from different aspects. 

2.1 Models for Building Representation 

There are various ways to represent the geometry of buildings. The building models can be 

classified into two categories according to their geometry and structure, i.e., parametric 

models, and generic models. Parametric models include simple parametric models and 

constructive solid geometric models. The generic model category comprises prismatic models, 

polyhedral models, and boundary representation models. Model representation is related to 

the modeling strategies. A detailed description of each type of model is given below. 

2.1.1 Simple parametric model 

The simple parametric model provides a set of predefined object types. It uses a set of 

parameters to represent a building object. The geometric parameters include length, 

width, height, and other properties. The location parameters include translation and 

rotation properties. There are three steps to define a parametric model. The first is 

selecting a building type; the second is providing the actual geometric parameters of the 

respective model, and the last is applying the rigid motion such as rotation and 

translation to the model (Bredif et al., 2007). Figure 2.1 shows a simple building 

primitive described by its length, width and height. The parametric model is suitable for 

describing a simple building, such as flat roof, gable roof, hip roof, etc. However, it is 

limited to the predefined object types. 
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Figure 2.1. An example of a simple parametric model 

2.1.2 Constructive Solid Geometric (CSG) model 

In the CSG models a building model is produced from a set of 3-D primitives, 

essentially an extension of the simple parametric model. The idea of the CSG model is 

to decompose a complex building into a set of simple primitives. The primitives are 

combined using Boolean set operations like union, intersection, and difference. Finally, a 

building can be composed as a CSG tree, where the leaves of the tree contain primitives 

and the internal nodes of the tree are Boolean operations. An example of a CSG model is 

illustrated in Figure 2.2a. Several regular primitives are used to represent a complex 

building. Figure 2.2b shows the CSG tree describing the building shown in Figure 2.2a. 

(a) (b) 

Figure 2.2. An example of a CSG model: (a) CSG building model; (b) corresponding CSG 

tree. 
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2.1.3 Prismatic model 

A prismatic model is created for flat roof buildings. It represents a building as a flat 

roofed polygon, a footprint polygon and a set of vertical walls. Although it can represent 

buildings with irregular boundaries, the constraints of this model are the flat roof and 

vertical walls. This model is mostly used for topographic maps which contain building 

boundaries and building floor numbers. Figure 2.3 demonstrates a building using 

prismatic model. 

 
Figure 2.3. An example of a Prismatic model 

 

2.1.4 Polyhedral model 

The polyhedral model is created for complex building with planar roofs. It combines a 

set of planar roofs, one footprint polygon and a set of vertical walls into a complex 

building. This model is more realistic when compared to Prismatic model. Figure 2.4 

demonstrates a building constructed using a polyhedral model. In comparison to the 

CSG model, in the polyhedral model it is assumed that a building is bounded by planar 

surfaces. Hence, the circular roof is divided into planar roof patches. From the 

engineering point of view, it is accepted that a circular roofed building can be 

represented by a combination of many planar patches. 
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Figure 2.4. An example of a Polyhedral model 

 

2.1.5 Boundary representation (B-rep) 

The B-rep describes building models using their boundaries. It stores the topology and 

geometric information about the building. The main geometrical items include vertices, 

edges and faces of the building. The edge is constructed by a set of vertices while the 

face is associated with a set of edges. The building model is eventually combined by a 

number of connected face elements. This model can represent generic types of buildings 

and buildings that are irregular in shape. This type of representation is usually used for 

visualization purposes. The parametric, CSG and other models can be converted to this 

type of model. Figure 2.5 shows a gable roofed building represented by a B-rep model. 

The data format is also indicated in Figure 2.5. 

 

Figure 2.5. An example of a B-rep model and its data format 
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2.2 Procedure of Building Extraction 

There are three steps to establish a building model: detection, reconstruction and attribution 

(Gruen, 1997). Building detection comprises methods to detect regions of interest for 

subsequent building reconstruction. Building reconstruction is the determination of the 3-D 

geometrical description of a building located in the given region of interest. Building 

attribution assigns and depicts building properties such as the type of building, semantic 

attribution, textures, etc.  

 

2.2.1 Building detection 

The role of building detection is to extract the location of regions where there are 

buildings. Once the building’s location is established, the reconstruction process can be 

focused on this region rather than having to consider the whole data set. This advantage 

not only saves computing time, but also reduces problems of ambiguity. However, the 

quality of the building detection may influence the building reconstruction process. 

Hence, the building reconstruction step should include different strategies for processing 

the data into 3-D models. The idea of building detection is to use different characteristics 

to separate the data into buildings and non-buildings. The characteristics include spectral, 

texture, shape, roughness, and other types of information. Figure 2.6 shows an example 

of building detection using shape and multi-spectral data. 
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(a) (b) (c) 

Figure 2.6. An example of building detection: (a) lidar digital surface model; (b) 

multi-spectral image; (c) detected building regions. 
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Image and elevation data are also commonly used in building detection. For the image 

data, the building regions can be detected by an image classification technique (Lee et 

al., 2003; Zhang, 1999). In this technique, spectral information is analyzed to obtain the 

building regions. The image quality is important and shadows and occlusions 

significantly affect the results. Elevation data can be obtained by analyzing the shape 

information via hieratical classification (Brunn and Weidner, 1998; Rottensteiner and 

Briese, 2002). The image and its complementary counterpart, i.e., elevation, are 

integrated into the building detection process. Building regions can be detected by 

simultaneously considering spectral and shape information. Successful research 

indicates that the automatic detection rate may reach 80%~90% (Lu et al., 2006; 

Rottensteiner et al., 2007; Shan and Lee, 2006). This situation would be worse if the 

point cloud density were too low or the area of the building too small. For example, 

(Rottensteiner et al., 2005) performed building detection using lidar data with an 

average point distance of 1.2m and multi-spectral images with a 0.5m spatial resolution 

attaining a detection rate of between 50-90% for buildings larger than 40m2, but for a 

building size smaller than 40m2, the detection rate was lower than 50%. 

2.2.2 Building reconstruction 

The objective of building reconstruction is to build or reconstruct the geometry of a 

building. Reconstruction strategies may be classified into three categories, i.e., 

model-driven, data-driven or hybrid approaches (Brenner, 2005). The model-driven 

strategy is a top-down strategy, which starts with a hypothetical building model which is 

verified by the consistency of the model with the existing data. With this method we 

need to define a database of building primitives. Hence, the parametric model is usually 

used in the model-driven method. Figure 2.7 shows a demonstration of the model-driven 

strategy. The data-driven strategy is a bottom-up strategy in which the building features 

such as point, linear and planar features, are first extracted, and then grouped into a 
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building model through a hypothesizing process. Figure 2.8 demonstrates the 

data-driven strategy. In the hybrid approach the ideas of the model-driven and 

data-driven approaches to building reconstruction are integrated. There is not a clear cut 

between model-driven and data-driven approaches for some of the proposed 

reconstruction strategies. In this study, if the strategy is more similar to a model-driven 

strategy, it will be classified as model-driven, and vice versa. 

Figure 2.7. Illustration of a model-driven approach 

 

Image 1 Edges of Image 1

Image 2 Edges of Image 2 Lines of Image 2

Lines of Image 1

Generated Model

Inference 
Engine

3D Lines

Figure 2.8. Illustration of a data-driven approach 
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2.2.3 Building attribution 

The building model, as an object in a geographical information system (GIS), consists of 

spatial information and attributes. The building reconstruction process involves the 

shaping of the spatial information of a building while in the building attribution process 

the attributes of a building model are assigned. The building attributes support the 3-D 

analysis for a more valuable result. There are three kinds of attributes. The first type can 

be generated from itself, e.g., floor number, area, volume, etc. The second type is the 

semantic attribute, obtained from exterior data like topographic maps. The semantic 

attribute includes the names of buildings, materials from which buildings are constructed, 

etc. The third type is building texturing (Zhang et al., 2005), which makes the building 

more photo-realistic. 

 

2.3 Degree of Automation for Building Extraction 

In regard to the automation of building extraction, three levels of automation can be achieved, 

i.e. manual, semi-automatic, and automatic systems. The manual systems, in which all 

measurements are performed manually, require a vast amount of manpower and cost, but 

have the advantage of providing the most accurate results. The semi-automatic and automatic 

approaches to building extraction are aimed at reducing costs while retaining the required 

accuracy. The semi-automatic systems are integrated in more or less interactive workflows. 

An operator is needed to guide the semi-automatic process. An approximate measurement is 

required from the operator while precise values are given through an automatic process. 

Automatic systems perform automatically after defining the parameters that will be used in 

the automatic process. Some fully-automatic and semi-automatic methods are discussed 

briefly below. 
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2.3.1 ARUBA (Henricsson and Baltsavias, 1997) 

ARUBA (Automatic ReconstrUction of Buildings from Aerial Images) is an automatic 

approach which uses multiple overlapping color aerial images for building 

reconstruction. Building detection can either be automatic or manual depending on the 

complexity of a scene. A data-driven strategy is applied to extract the 2-D as well as 3-D 

line features. These lines are then grouped to find the most evident and consistent planes. 

Finally, building models are generated by extending the roof planes to DEM. 

2.3.2 TOBAGO (Gruen, 1998) 

TOBAGO (TOpology Builder for the Automated Generation of Objects from 3-D Point 

Clouds) is a semi-automatic approach which measures the 3-D roof points from stereo 

aerial images. This model-driven method automatically fits unstructured roof points to 

generic building models. First, the roof points within a roof unit are classified as a 

specific generic CAD-based model from six pre-defined models. Then, the selected 

generic CAD-based model is fitted to the point clouds by geometric criteria, such as 

parallelism and orthogonal criteria. This approach requires completely and accurately 

measured roof points and pre-defined models. 

2.3.3 CC-Modeler (Gruen and Wang, 1998) 

CC-Modeler (CyberCity Modeler) is a semi-automatic approach which uses the roof 

points for building extraction. The roof points are classified as either boundary points or 

interior points during the measurement process. Different codes are assigned to these 

points, hence, each roof type can be generated without a pre-define model library. The 

roof plane is determined by a probabilistic relaxation approach. The point positions can 

be corrected by corresponding planes and points using least squares adjustment. The 

success rates for the automatic reconstruction step can reach 95%. The CC-Modeler 

system is now being offered commercially. In comparison with TOBAGO and 

CC-Modeler, CC-Modeler is not restricted to a model library. 



 16

2.3.4 InJECT (Gülch et al., 1999) 

InJECT is a semi-automatic approach which uses aerial images for building extraction. 

The operator selects an appropriate parametric model from the primitive database. This 

can include flat, desk, saddleback, and hip-shaped buildings. The selected parametric 

model is converted to a B-Rep model and back-projected to two overlapping images. 

The operator can adapt the parameters according to the image features. Complex 

buildings are subdivided into many parametric models by human interpretation. 

2.3.5 ATOP (Haala and Brenner, 1999) 

ATOP (Automated TOpology Generation for Polyhedral Objects) uses a digital surface 

model (usually obtained from lidar point clouds) and 2-D ground plans for automatic 

building extraction. In the beginning, the 2-D ground plans are divided into rectangular 

primitives using a heuristic algorithm. For each 2-D primitive, a number of different 3-D 

parametric primitives are offered from a fixed set of standard types and their optimal 

parameters are estimated. The best 3-D parametric is selected based on the area and 

slope thresholds and the final fitting error. The final building model is obtained by 

merging all 3-D primitives. For complex building boundaries, a large number of 

rectangular primitives are generated for the heuristic subdivision of the ground plans. 

The number of points within a primitive becomes very small and the shape of the 

primitive unreliable. In order to prevent the generation of wrong shapes, some of the 

small convex corners are ignored. 

2.3.6 (Vosselman and Dijkman, 2001) 

This method also uses lidar point clouds and the existing ground plans for automatic 

building reconstruction. The advantage of using ground plans is that it overcomes the 

uncertainty of building detection. Furthermore, the ground plans may provide some 

useful information or constraints for building structure. First, the concave ground plan 

corners are extended to split the building into smaller primitives. Then, Hough-based 
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plane extraction is constrained to these primitives. The ridge lines are the intersection 

lines between neighboring planes. A split and merge method is applied to split the 

ground plan into segments and merge the segments by roof face. Finally, the building 

model is combined with the extracted roofs. 

2.3.7 SMS (Rau and Chen, 2002) 

SMS (Split-Merge-Shape) uses building line segments for a semi-automatic building 

reconstruction process. The visible building lines are manually measured from a digital 

photogrammetric workstation. The Split and Merge process is used to sequentially 

reconstruct the topology between the two consecutive line segments, and then reform the 

areas as enclosed regions. The Shape process uses connected-coplanar analysis and 

coplanar fitting to shape each building rooftop. The input data of SMS are the visible 

building lines, while TOBAGO and CC-Modeler are used to complete building corners. 

Since the measurements are feature points or lines instead of surfaces, there are some 

ambiguities in building reconstruction. This means that the possible model matches with 

the extracted feature are not unique. Figure 2.9 shows an example of this problem. This 

problem can be overcome easily by the incorporation of surface data (Chen et al., 2008; 

Teo et al., 2007). 
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(a) (b) (c) 

 
(d) (e) (f) 

Figure 2.9 Ambiguities in building reconstruction using the linear feature process: (a) aerial 

image; (b) measured structural lines; (c) roof type 1; (d) roof type 2; (e) roof type 3; (f) 

reconstruction with surface data. 

 

2.3.8 (Rottensteiner, 2003) 

The investigation of Rottensteiner (2003) integrated lidar data and aerial image for 

automatic building extraction. The approach generates an initial model from ranging 

data and refines the model using aerial image. First, building candidates are detected 

from lidar DSM using region growing algorithms. Then, an initial polyhedral building 

model is created from grouped building segments. These initial polyhedral building 

models are improved by a consistent estimation procedure. Finally, model regularization 

is applied to constrain the generated models. In order to improve the geometric accuracy, 

an aerial image is used for the detection of small planar segments and to fit the B-Rep 

models obtained from lidar data. 
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2.3.9 (Tseng and Wang, 2003) 

This method is a semi-automatic procedure for building extraction where optimal 

model-image fitting is performed with least squares fitting. First, the operator analyzes 

the building, dividing it into parametric models based on the CSG principle. Then, the 

operator interactively selects a parametric model and measures the approximate pose 

and shape parameters. The third stage is automatic model-image fitting to determine the 

optimal parameters. The building model is eventually combined from the primitives by 

Boolean operators. 

2.3.10 (Suveg, 2003; Suveg and Vosselman, 2004) 

This method utilizes ground plans and aerial images for automatic building extraction. It 

starts with partitioning a building into simple building parts based on the ground plan. 

For each building partition, different building hypotheses are generated, corresponding 

to the building primitives pre-defined in the building database. The evaluation of the 

generated building model is based on mutual information between model and images. 

Once the best fit model is determined, the building model is generated from the 

primitives by a CSG tree. 

2.3.11 (Khoshelham, 2004; Khoshelham et al., 2005) 

A different method for automatic building reconstruction is described in (Khoshelham, 

2004; Khoshelham et al., 2005). In this method, a split-and-merge process is applied to 

fuse image and height data. The parametric model is derived automatically. During the 

split-and-merge process, the image is segmented into small regions and the height data is 

applied to fit a planar surface from height points which belong to the image region. The 

detected planes are used to split the over-grown regions and to merge the under-grown 

regions. The parametric model of roof planes can be determined by the integration of 

image and height data. Vertical walls are the extension of roof eaves to the terrain. 
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2.3.12 Summary 

Due to the complexity of buildings, automatic generation is not an easy goal to meet. 

Hence, the majority of development work has been focused on semi-automatic 

approaches (Gülch et al., 2004) where recognition and interpretation tasks are performed 

by human operators, and modeling and precise measurements done by computers. The 

new trend in 3-D building reconstruction is a combination of complementary data. Some 

of the basic features of the presented approaches are shown in Table 2.1. For some of the 

proposed reconstruction strategies, there is not a clear cut division between the 

model-driven and data-driven approaches. In this study, if the strategy is more similar to 

the model-driven approach it will be classified as model-driven, and vice versa. 

 

Table 2.1. Features of presented approaches with different levels of automation 

Approach Automation Strategies Data 
ARUBA (Henricsson and 
Baltsavias, 1997) 

automatic model-driven colored stereo aerial images

TOBAGO (Gruen, 1998) semi-automatic model-driven stereo aerial images 
CC-Modeler (Gruen and 
Wang, 1998) 

semi-automatic data-driven stereo aerial images 

InJECT (Gülch et al., 
1999) 

semi-automatic model-driven stereo aerial images 

ATOP (Haala and Brenner, 
1999) 

automatic model-driven lidar and ground plan 

(Vosselman and Dijkman, 
2001) 

automatic data-driven lidar and ground plan 

SMS (Rau and Chen, 
2002) 

semi-automatic data-driven stereo aerial images 

Rottensteiner, (2003) automatic data-driven lidar and aerial image 
Tseng and Wang, (2003) semi-automatic model-driven stereo aerial images 
Suveg, (2003) automatic model-driven stereo aerial images and 

ground plans 
(Khoshelham, 2004) and 
Khoshelham et al., (2005) 

automatic model-driven lidar and aerial image 
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2.4 Data Sources for Building Extraction 

Building extraction is mainly based on vector maps, image data and lidar point clouds 

(Hu et al., 2003). The uniqueness of data characteristics gives different perspectives to 

building extraction. In this section, building extraction from different data and strategies of 

data fusion are discussed. 

2.4.1 Map driven 

Vector maps provide accurate building boundary locations because most of the 

boundaries are derived by human interpretation. In general, these building ground plans 

are two-dimensional. The building’s height is simplified as the number of floors 

according to traditional mapping conventions. The number of stories is indicated by an 

integer. We can generate a rough building model by estimating the height of each story. 

The advantage of this method is that it effectively reuses existing data, but the accuracy 

of these building models is insufficient for many applications. Moreover, only prismatic 

building models can be generated by this method. Other types of buildings such as gable 

roof and hip roof buildings cannot be reconstructed. In order to improve the results of 

building extraction, a fusion of different data for building reconstruction is needed. 

2.4.2 Image driven 

Traditionally, building models are reconstructed using this type of method using aerial 

photography. From the geometric point of view, reconstruction strategies can be 

classified into three categories. In the first type, point features such as building corners 

are first extracted and then the point sets are organized into a model (Gruen and Wang, 

2001). In the second type, line features such as building structure lines are extracted and 

the lines are then structuralized to form a model (Henricsson and Baltsavias, 1997; Rau 

and Chen, 2003). In the third type, also called the model-driven approach, volume 

features are selected to fit the model in the image space. Constructive Solid Geometry 

(CSG) is the most common approach (Suveg and Vosselman, 2004; Tseng and Wang, 
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2003). 

The idea on which the reconstruction of buildings from image data is based on 

extracting the image features. One may then use these image features to model the 

buildings through a hypothesizing process. There are three challenges to be met in 

automatic feature extraction. The first is insufficient information caused by perspective 

occlusions. The second challenge is the weak image features when the building 

boundaries have low contrast. The third issue is when an image feature does not 

correspond to an object feature, which could cause ambiguity in the reconstruction 

procedure. 

2.4.3 Elevation driven 

Traditionally, stereo images have been used to generate the elevation data via an image 

matching technique. However, the automatic method is appropriate only in well-textured 

and open terrain. The reliability of matched surface data depends on the test site. 

Nowadays, lidar has become a well-established technique for deriving 3-D information 

for mapping and GIS tasks. The lidar system integrates a laser scanner, a Global 

Positioning System (GPS) and an Inertial Navigation System (INS). Its highly precise 

laser ranging and scanning orientation makes decimeter ground surface accuracy 

possible (Ackermann, 1999). The abundant 3-D information provided by the lidar 

system make it suitable for building model reconstruction. 

Reconstruction strategies from lidar data can be classified into two types. In the first, 

planar features are extracted from which the extracted planes are used to derive the line 

features. The building model is obtained by integrating the planar and linear features 

(Alharthy and Bethel, 2002; Rottensteiner and Briese, 2002; Sampath and Shan, 2007). 

In the second type, linear features are first extracted and then the extracted lines are used 

to trace the building polygons. The building model is obtained by shaping the top of the 

building polygons (Hu, 2003; Sampath and Shan, 2004; Timothy et al., 2001). Each 



 23

approach has lower planimetric accuracy when a regular density (e.g., 1~2 points/meter2) 

is employed. 

2.4.4 Data fusion 

Various types of data such as images (e.g., aerial images, high resolution satellite images, 

multi-spectral images), lidar data and vector maps are integrated together to increase the 

quality of automatic reconstruction and the accuracy of the generated models. Several 

data fusion algorithms have been proposed for the extraction of building models from 

these sources, e.g., lidar and images, lidar and vector maps, images and vector maps. 

Figure 2.10 illustrates the combination of these data. 

 
Figure 2.10. Combination of data for building extraction. 

 

2.4.4.1 Lidar and images 

The 3-D point clouds acquired by an airborne lidar system provide abundant shape 

information, while aerial images include plentiful break-line information. Thus, the 

integration of these two complementary data sets increases the possibility for automatic 

building reconstruction. The principles of this approach are to extract the planar features 

from lidar and the linear features from images. The lidar point clouds may overcome the 
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line detection problem in homogeneous area. Figure 2.11 shows a gable roof which does 

not have a significant ridge line. However it might be possible to extract the ridge line 

from the lidar point clouds, although the step edge of images might prove more accurate 

than the lidar. Hence, the use of images may improve the accuracy of determining 

break-lines derived from lidar point clouds. 

 

 

(a) (b) (c) 

Figure 2.11. An example of a building ridge in both image and lidar space: (a) aerial image; 

(b) lidar triangle mesh; (c) horizontal view of the lidar triangle mesh. 

 

There are several ways to fuse the lidar data and images. The most common one is to 

extract the initial building structure from the lidar data using the elevation information. 

The initial building structure is then used to predict the working area in the image space 

and the structure is refined using image information (Kokkas and Dowman, 2006; 

Rottensteiner, 2003; Sohn and Dowman, 2007). In this way we can extract accurate 

linear feature in the image space rather than the object space. The extracted linear 

features need to be projected into the object space via the ray tracing technique. An 

accurate plane is needed to ensure the reliability of 3-D lines. It is also possible to 

generate true-orthorectification (Chen et al., 2007) using lidar DSM and an image. 

Linear features are extracted from the true-orthoimage in object space (Gou, 2003). 
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Hence, the extracted linear features and planar features are all in the object space. Line 

toleration is needed to extract straight lines in the true-orthoimage. 

2.4.4.2 Lidar and vector maps 

In vector maps accurate building boundaries are preserved, while lidar point clouds 

contain a wealth of shape information. Thus a fusion of vector maps and lidar point 

clouds would be beneficial to precise building shaping. In this data fusion scheme, the 

contribution of vector maps is to provide accurate building boundaries and building 

locations. This reduces the effort needed to detect the building regions thus improving 

the degree of automation, while the role of the lidar point clouds, on the other hand, is to 

provide the roof shape. Lines of inner structure and multiple building roof types can be 

derived from the point clouds. There are a couple of advantages to the integration of 

lidar and vector maps for building modeling. The first is an improvement in the degree 

of automation, due to bypassing the process of building detection, since building 

locations can be obtained from the vector maps. The second advantage is that the vector 

maps provide accurate building boundaries provided that the mapping has been done 

through a standard procedure. In addition, the building models may be considered as 

value-added products of the maps making their application more cost effective. 

Several investigators have reported on the generation of building models from lidar and 

vector maps. In the model-driven strategy, the building boundaries may be split into 

several 2-D primitives by preset rules. A number of 3-D parametric primitives are 

hypothesized after the splitting of the 2-D boundaries. The best fitting 3-D parametric 

primitives are then selected from the lidar point clouds. The building model is obtained 

by merging all 3-D building primitives (Haala and Brenner, 1999; Sugihara and Hayashi, 

2003; Vosselman and Dijkman, 2001). However, this method is restricted to the finite 

types of 3-D parametric primitives.  
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In the data-driven strategy, the planar and linear features are first extracted. These are 

then grouped into a building model through a hypothesizing process. (Overby et al., 

2004) demonstrated a 3-D Hough transform, data-driven approach. (Schwalbe et al., 

2005) extracted planar features using orthogonal point cloud projection. The ridge line 

was obtained by the intersection of planes. However, their results were limited to the 

modeling of gable roofs. Stepped edges and height jump lines were not considered in 

their investigations. 

2.4.4.3 Images and vector maps 

Vector maps include accurate 2-D building boundaries while images provide abundant 

texture information. The general modeling procedure includes two major steps: the 

detection of the building regions and the reconstruction of the building models. Since the 

building boundaries are already available from vector maps, this data fusion approach 

focuses on the reconstruction part. Moreover, the building boundaries provide important 

clues as to the interior roof structure and building direction. The pre-knowledge of 

building boundaries plays an important role in building reconstruction. In order to obtain 

the 3-D building model, stereo or multiple images are commonly selected for this 

approach. The role of images is not only for the extraction the inner structural lines but 

also to determine the height of building boundaries (Taillandier, 2005). 

In the model-driven strategy, the building boundaries are decomposed into several 2-D 

primitives by preset rules. A number of 3-D parametric models, the location and rotation 

parameter defined from building boundaries are converted to B-rep models and 

projected to the image space. Then a least squares image-to-model fitting is applied to 

calculate the parameters and fitting score. The fitness score indicates the most suitable 

parametric model. Finally, the building model is generated by combining the parametric 

model into CSG models (Flamanc and Maillet, 2005; Suveg and Vosselman, 2004). 

In the data-driven strategy, the building boundaries and additional floor numbers are 
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used to determine the coarse building model. The building regions in image space are 

defined by the coarse building model. Then, types of edge detector and line detector are 

applied to extract the linear features. The building model includes building boundaries 

and inner structural lines. The height of building boundaries can be determined by the 

matching of the maps’ line segments and the images’ linear features. Furthermore, the 

inner structure of a building can be extracted by the image matching between 

overlapping images. Finally, both of the data sets are merged to create the building 

models (Pasko and Gruber, 1996). 

2.4.5 Summary of Data Sources for Building Extraction 

Building extraction can be implemented using several types of remote sensing and 

geo-informatics data. Each data type offers unique characteristics for building extraction. 

For example, vector maps provide a good way to obtain distinct building boundaries and 

initial building heights. From images we may extract accurate 3-D building structural 

lines. Lidar is used to extract facet features as well as soft surfaces. The idea of data 

fusion is to integrate the complimentary data types to provide more information and 

hints (or clues) for building extraction. Some basic features of each type of data are 

shown in Table 2.2. 



 28

 

Table 2.2. Features of presented approaches using different data 

Data Principles Advantages and limitations 

Vector maps 

Combine existing building 
boundaries and floor numbers to 
reconstruct prismatic building 
models. 

Advantages 
+ High degree of automation. 
+ Distinct boundaries. 
Limitations 
- Only flat roofs can be reconstructed. 

Images 

1. Integrate textural and spectral 
information for the extraction of 
corners, and linear, or volume 
features. 
2. Use the extracted features to 
generate the building model. 

Advantages 
+ Easy to interpret. 
+ High horizontal accuracy. 
Limitations 
- Image features may not correspond to 
object features, like shadows. 

Lidar 

1. Uses irregular point clouds to 
establish the facet features.  
2. Uses the extracted facets to 
generate the building model. 

Advantages 
+ Able to handle soft surfaces. 
+ High vertical accuracy. 
Limitations 
- Lack of break-line features. 

Lidar and  
images 

1. Use lidar data to generate the 
initial building model.  
2. Refine the building model by 
comparison to images. 

Advantages 
+ High horizontal and vertical accuracy. 
Limitations 
- The building detection step may reduce 
the reconstruction rate. 

Lidar and  
vector maps 

1. Preserve distinct building 
boundaries from vector maps. 
2. Extract structural lines, then 
shape the roofs from lidar point 
clouds. 

Advantages 
+ Distinct boundaries. 
+ Able to handle soft surfaces. 
Limitations 
- Not easy to determine the step edge 
precisely. 

Images and  
vector maps 

1. Preserve distinct building 
boundaries from vector maps. 
2. Define the inner structural 
lines and the height of building 
boundaries by use of images. 

Advantages 
+ Distinct boundaries. 
+ Easy to interpret. 
Limitations 
- Unable to shape soft surfaces. 
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2.5 Roof Splitting for Building Reconstruction 

The divide-and-conquer scheme is often selected to solve complex problems. The idea 

of divide-and-conquer is to break down a complex problem into many simple problem sets. 

This algorithm can be easily applied to the problem of building extraction. For example, in 

the divide step, complex building shapes are split into simple roofs, while in the conquer step 

the geometry of the simple roofs is built up. Roof splitting is one of the relevant techniques to 

the dividing of a complex building. In this section, an overview of roof splitting is presented 

and discussed. 

2.5.1 Approaches to Roof Splitting 

The approaches to roof splitting may be classified into three types, i.e. Edge-driven, 

Facet-driven, and Map-driven. In the edge-driven method roof edges are extracted and 

edge tracing to define closed roof polygons performed. This strategy is suitable for data 

that contain distinct edges rather than planar information, e.g. aerial images. In order to 

reach the goal of roof splitting, the facet-driven method is used to extract the roof 

patches directly. Shape information such as derived from lidar data is usually selected to 

detect the roof patches. In the map-driven approach knowledge of building boundaries is 

used to decompose the building boundaries into simple primitives. It is assumed that 

most of these primitives can be obtained by splitting the building boundaries and 

following the building direction from the topographic maps. 

 
2.5.2 Algorithms for Roof Splitting using the Edge-driven approach 

Grid data such as aerial images or DSM are often selected for this approach. This is 

because the image processing technique can be applied more easily to grid data. 

Normally, the edge-driven approach contains three major steps, i.e. edge detection, 

straight line extraction and roof polygon tracing. The first step is the detection of edges 

by using an edge detector, such as the Canny operator, Laplace operator, or so on. The 
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next step is to link the edges to form straight lines. A line tracing technique (like the 

Hough Transform technique) may be used to extract the lines from the edges. The lines 

are grouped into a closed polygon after straight line extraction. Each closed polygon 

represents a roof candidate. This approach is suitable for aerial images which contain the 

distinct edges or discontinuous surface areas, i.e. step edges, such as obtained in DSM. 

Figure 2.12 shows a demonstration of the edge-driven strategy. 

 

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

Figure 2.12. An example of the edge-driven strategy: (a) lidar DSM; (b) detected edges; 

(c) extracted lines; (d) results of polygon tracing. 

 
2.5.3 Algorithms for Roof Splitting using the Facet-driven approach 

This method of roof splitting is most often selected for range data. The goal of roof 

splitting using range data is to subdivide the data into many sub-regions with a 

homogeneous property that distinguishes them from their surroundings. The regions are 

defined by a set of points with similar properties. 

Several data structures may be selected for facet detection from range data. The data 

structures include the non-structural data format and structural data format. The 

non-structural format is for irregular points. The structural data format includes grid data, 

TIN, octree, etc. Although for structural data additional computational time is needed to 

connect the irregular points, this data format may significantly lessen computation time 

for facet detection. The algorithms for facet detection may be classified into region 
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growing, clustering, and statistics methods. Details about each method are given below. 

2.5.3.1 Region Growing 

The region growing approach starts by selecting an initial set of small areas which are 

then iteratively merged according to their similarities. For this iterative merging process 

we need to know neighboring data such as similar constraints and the height difference 

(Alharthy and Bethel, 2004), point-to-plane distance (Wang and Tseng, 2004) or angle 

between normal vectors (Filin and Pfeifer, 2005). The structural data format such as grid 

(Cho et al., 2004), TIN (Morgan and Habib, 2001) and octree (Wang and Tseng, 2004) 

are often selected in this approach. 

Region growing generally consists of three steps. In the first step seed data (point, pixel, 

triangle or voxel) are chosen for an initial plane. In the second step these are checked in 

relation to neighboring data and added to the region if they are similar to the seed data. 

The third step is a repetition of step 2 for each of the newly added data until no more 

data can be added. Figure 2.13 shows an example of region growing results. 

 

 

(a) (b) (c) 

Figure 2.13. An example of region growing (Rottensteiner, 2003): (a) lidar DSM; (b) results 

of region growing; (c) roof polygon back projected to an aerial image. 

 

2.5.3.2 Clustering 

In the clustering approach a data set is classified into different groups. Each group 

shares some common property. This approach often divides the data into subsets of 
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clusters in the parameter space rather than the object space. The parameter space can be 

planar coefficients (Elaksher and Bethel, 2002; Overby et al., 2004) or normal vectors. 

The 3-D Hough Transform method is one way to extract the patches in the parameter 

space. Figure 2.14 demonstrates the plane in the object and parameter space. The other 

method is to calculate the normal vectors of triangles and plot the coefficients of normal 

vectors in the parameter space for clustering. The advantage of using the normal vector 

is that this reduces the volume of data in the parameter space. The difference between 

clustering and region growing is that in the former only similarities in parameter space 

are considered, while in the latter similarity and connectivity in object space are 

considered simultaneously. 

 

 

(a) 

 

(b) 

Figure 2.14. Illustration of the facet-driven approach (Overby et al., 2004): (a) lidar points 

in object space; (b) lidar points transformed to parameter space. 

 

2.5.3.3 Statistics Method 

In this method statistical properties are analyzed for facet extraction. For example, a data 

snooping technique may be applied to remove non-coplanar points for determining 

planar information (Chio, 2006). The basic mechanism is to determine the most probable 

plane. The coplanar points can be consequently obtained by the least squares data 
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snooping process. Random Sample Consensus (RANSAC) is one well-known techniques 

for facet extraction (Haala and Brenner, 1999). In this method three points are randomly 

selected from the data set to calculate the planar coefficients. All the points are tested to 

generate a coefficient histogram. The planar candidate for which the coefficients show 

the highest concentration is accepted. More measurements provide higher accuracy. This 

method assumes that the data set is influenced by noise. However, the random selection 

process may cause different results for the same data. 

 

2.5.4 Algorithms for Roof Splitting using the Map-driven method 

In this method it is assumed that complex building may be combined from a set of 

building partitions. The building partitions can be obtained by the decomposition of 

building boundaries from vector maps (Suveg and Vosselman, 2004). The method is 

based on the decomposition of building boundaries followed by validating the 

hypotheses using additional data, e.g. lidar or image data. This method is suitable for the 

symmetrical or regular buildings. The CSG model is often selected in this method. 

Figure 2.15 demonstrates the map-driven roof splitting process using map and aerial 

images. 

 

(a) 

 

(b) 

Figure 2.15. An example of a map-driven process (Suveg and Vosselman, 2004): (a) 

building boundaries and their partitions; (b) building fitting and reconstructed building 

model. 
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2.5.5 Summary of Roof Splitting 

The roof splitting process can be implemented using different strategies such as 

edge-driven, facet-driven, or map-driven processes. In the edge-driven approach the 

focus is on edge detection; in the facet-driven approach the concentration is on plane 

detection. In the map-driven approach building boundaries are divided based on some 

reasoning rules. Some basic features for each data approach are shown in Table 2.3. 

Table 2.3. Features of presented roof splitting approaches 

 Edge-driven Facet-driven Map-driven 
Suitability Distinct edge, step edge. Gable roof. Symmetric building. 
Advantages + Easy to implement via 

the image processing 
technique. 

+ Obtain the accurate 
3-D lines. 

+ Geometrical 
constraints provide a 
regular result. 

Disadvantages - Additional data is 
needed to refine the 
height of structural lines. 
- Inaccurate structural 
lines are extracted in the 
homogenous area. 

- Intensive 
computation. 

- Additional data is 
needed to assign the 
height of structural 
lines. 
- For complex 
boundaries, a large 
number of building 
candidates are 
generated. 

 
2.6 Shaping Accuracy of Lidar Data 

Most of the lidar systems routinely quote accuracies of 5 to 15cm in height and 30 to 50cm in 

planimetry. However, the accuracy is only achievable under ideal conditions (Baltsavias, 

1999). Many investigations focus on the analysis of point accuracy (Latypov, 2002; May and 

Toth, 2007; Schenk, 2001). There are various sources of error that affect the precision and 

reliability of lidar point clouds. The primary sources of positional error are associated with 

the sensor system measurement which includes GPS and INS. The assessment of vertical 

accuracy may require the signal ground control equipment in flat terrain. Another method 

requires ground surveying to examine the profile of flat terrain. Since the horizontal error is 
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typically larger than the vertical error, horizontal error is conventionally assessed using 

multi-strip data on well-defined objects (Alharthy, 2003; Maas, 2002). A number of studies 

have been conducted and stated that point accuracy of better than 20cm in the vertical and 

larger than 70cm in the horizontal directions can be attained for open terrain (Maas, 2002). 

Lidar has become an established tool for acquiring digital elevation models. The error source 

of DEM generation is not only from the sensor systems (as mentioned before), but also in the 

labeling process, identifying a lidar point as a ground point (Hodgson and Bresnahan, 2004). 

Several empirical studies have focused on the accuracy of lidar-derived DEM using the 

manual labeling process (Peng and Shih, 2006). Land cover is an evident factor of DEM 

quality assessment. In fact, the more complex the land cover the larger the errors. The land 

cover type may be classified as pavement, low grass, high grass, low trees, evergreen forest, 

and deciduous forest. Considering different land covers, the lidar elevation error is between 

17.2cm to 25.9cm when compared to ground surveying data (Hodgson and Bresnahan, 2004). 

In 2002, the ISPRS Working Group III/3 “3-D Reconstruction from Airborne Laser Scanner 

and InSAR Data” initiated a study to compare the performance of various automatic filters 

developed to date, with the aim of identifying future research directions for filtering of 

point-clouds for Bare Earth extraction. ISPRS filter test report (Sithole and Vosselman, 2004) 

compared the ground point selection methods. Eight participants from six countries joined 

this filtering test. Labeling methods can be classified into four categories: slope-based, 

surface-based, block-minimum and clustering/segmentation methods, as mentioned in 

(Sithole and Vosselman, 2004). Quantitative analysis shows a more detailed presentation of 

error features based on the filtering concept as shown in Table 2.4. In Table 2.4, a rating of 

Good means that the filtering rate is better than 90%, a rating of Fair means that the filtering 

rate is better than 50%, a rating of Poor means that the filtering rate is worse than 50%. 

For quantitative analysis fifty test sites with different environments were used. The indices of 

Type I error (also known as omission error where bare earth points are classified as object 
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points), Type II error (also known as commission error where object points are classified as 

bare earth points) and Total error (overall accuracy) are selected rather than the absolute 

accuracy. The range of the errors from the eight filtering algorithms are approximately 0-64%, 

0-19%, 2-58% for Type I, Type II and the Total error, respectively. These ranges show that the 

tested filtering algorithms focus on minimizing Type II errors. In other words, filtering 

parameters are chosen to remove object points. 

Table 2.4. Qualitative comparison of filters (Sithole and Vosselman, 2004) 

 Surface-based Slope-based Clustering Block-minimum

Developer(s) 

(Elmqvist 

et al., 

2001) 

(Sohn and 

Dowman, 2002) 

(Axelsson, 

2000) 

(Kraus and 

Pfiefe, 2001) 

(Sithole, 

2002) 

(Roggero, 

2001) 

(Brovelli et al., 

2002) 

(Wack and 

Wimmer, 2002) 

Outliers         

High points *** *** *** *** *** *** *** *** 

High points influence *** *** *** *** *** *** *** *** 

Low points *** ** ** *** ** ** *** *** 

Low points influence *** *** * *** * *** *** *** 

Object complexity         

Large objects *** *** *** *** *** *** *** *** 

Small objects ** ** *** *** ** *** ** ** 

Complex objects ** ** ** ** ** ** ** ** 

Low objects * * ** ** ** *** *** *** 

Disconnected terrain ** ** ** ** ** ** ** ** 

Detached objects         

Building on slopes *** ** *** *** ** ** ** ** 

Bridges ***/ R ***/ R ** ***/ R ***/ R ***/ R ***/ R ***/ R 

Ramps * * ** * * * * * 

Vegetation         

Vegetation *** *** *** *** *** *** *** *** 

Vegetation on slopes *** *** ** *** ** ** ** ** 

Low vegetation *** ** ** *** ** ** ** *** 

Discontinuity         

Preservation * * ** ** * * * ** 

Sharp ridges * * * * * * * ** 

***= good; **= fair; *= poor; R= removed. 
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Lidar systems have also become important for DEM acquisition in forested areas, because of 

the penetration and reflection of the laser pulses. Tests performed by (Hyyppä et al., 2005) 

considered several factors for DEM quality assessment in forested areas. The factors affecting 

the quality of DEM include the acquisition date, pulse mode, flight altitude, terrain slope, and 

forest cover of forested areas. It is possible to estimate the effects of leaves and undergrowth 

from these. Three data sets attained at various seasons were used, i.e., leaf-off, leaf-on with 

low development, and leaf-on with high undergrowth. The DEM generated in the leaf-off 

period had the smallest error, i.e., 7-17cm. Moreover, the last pulse data provided more an 

accurate DEM than the first pulse data. The flight altitudes of 400, 800 and 1500m above 

ground level were used to provide nominal pulse densities of 8 to 10, 4 to 5 and 2 to 3 pulses 

per meter square. The increase in flight altitudes from 400m to 1500m increased the DEM 

error from 12cm to 18cm. The accuracy deteriorated gradually with increasing terrain slope. 

Even though there have been many investigations focused on the analysis of point accuracy 

and DEM accuracy, only a few studies have focused on factors affecting the quality of shape 

generation. In the official report of EuroSDR #50 (Kaartinen and Hyyppä, 2006), the 

empirical results indicate that the accuracy of building models could be improved when the 

lidar point density increased. (Maas, 1999) also used different point densities to determine the 

shape parameters of gable roofed buildings, in which the point density ranged from 0.08 to 5 

pts/m2. The most sensitive parameters were the roof slope and object orientation. However, 

that examination was only for gable roofed buildings. 
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2.7 Summary 

In this chapter, several building extraction methods, data sets, and related topic are reviewed. 

The geometry of buildings can be represented in various ways, e.g., parametric models, 

generic models, etc. The selection of model representation is depended on the demand. The 

trend of automation has been to focus on semi-automatic approaches because they may 

provide more reliable results. Building extraction is mainly done based on vector maps, 

image data and lidar point clouds. The uniqueness of data characteristics indicates different 

perspectives for building extraction. 
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CHAPTER 3. BUILDING RECONSTRUCTION 

 

The proposed method comprises four major parts. The first is the data preprocessing of lidar 

point clouds data and vector maps. The second involves the decomposition of building 

boundaries. The third is roof shaping. In the last part, the combination of building primitives 

is performed. A flowchart of the proposed method is shown in Figure 3.1. The proposed 

method is a semi-automatic approach. An operator is needed to guide the reconstruction 

process. The high level interpretation tasks are performed by human operators while the 

low-level computation is done by computers. For example, the recognition of planar and 

camber roofs is done by human operators, but the shape coefficients are determined by 

computers. 

 

 Building Primitives Extraction

Step-Edges Extraction

Ridge-Lines Extraction

Primitives Generation

Building Adjustment

Roof Adjustment

Data Pre-Processing

Building Polygon Tracing

LIDAR DSM Generation

LIDAR TIN Construction

Point in Polygon 
Examination

Building Shaping

Flat-Roof Determination

Curve-Roof Determination

Figure 3.1. Flowchart of the proposed method. 

 

3.1 Data Preprocessing 

The procedure starts by the tracing of the building polygons. The building boundaries are 

delineated by polylines from which the topology is reconstructed. Building polygons have to 

be enclosed. The point-in-polygon technique (Mortenson, 1999) is utilized to select the lidar 
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points inside the building polygon. The selected lidar point clouds are structured as a 

TIN-mesh built via Delaunay triangulation to represent the facets of the point clouds (Golias 

and Dutton, 1997). In order to avoid the selection of erroneous points, the slope of the 

triangle is checked and ground points inside the building polygon are removed. If the triangle 

is too steep and close to the building boundaries, the lower point of the triangle is regarded as 

a ground point and will be removed. Figure 3.2 shows a comparison of the point cloud 

selection, with and without filtering. 

 

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

Figure 3.2. Comparison of the point cloud selection, with and without filtering: (a) 

planimetric view of a TIN-mesh without filtering; (b) perspective view of a TIN-mesh 

without filtering; (c) planimetric view of a TIN-mesh with filtering; (d) perspective view of 

a TIN-mesh with filtering. 

 

The lidar data includes three-dimensional irregular point clouds. The data may be used to 

generate DSM (Digital Surface Model) in grid form. Considering that the triangulated 

irregular network (TIN) approach provides the best results (Behan, 2000), we select 

TIN-based interpolation method to rasterize the lidar data. A median filter is applied to reduce 

the noise in the rasterization process. The advantage of interpolation is that the point 

elevations are represented as regular pixel values. We may use an image processing technique 

to treat the grid data. Figure 3.3 illustrates the processes of lidar interpolation. 
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(a) (b) (c) 

Figure 3.3. Interpolation of lidar point cloud selection: (a) irregular lidar point clouds; (b) 

lidar DSM; (c) filtered lidar DSM. 

 

3.2 Decomposition of Building Boundaries 

Most of the complex buildings can be described as an aggregation of simple building parts. 

The objective of the decomposition of building boundaries is to separate a building polygon 

into building primitives. The lines of the building structure are used to perform the splitting 

process. The lines include both step edge and ridge lines. A step edge is a structural line that 

separates facets with two different heights. A ridge line refers to a structural line that is 

intersected by two facets, often seen in a gable roof or hip roof building. Figure 3.4 shows the 

different structure lines of a building. Different strategies, appropriate to the characteristics of 

these two types of structural lines are used to obtain the resulting lines. For step edges, the 

edge features are obtained via lidar DSM with a Canny edge detector (Canny, 1986). The 

Canny edge detector is able to extract the location of a discontinuity or a sharp change in 

elevation. For ridge lines, lidar TIN-mesh region growing is used to extract the facet features. 

The ridge line is determined from the intersection of the adjacent facets. Once the structural 

lines are extracted, we divide the building polygon using the extracted structural lines to 

obtain the building primitives. 
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Step Edge

Ridge Line

 
Figure 3.4. Building structural lines 

 

3.2.1 Extraction of the Step Edge 

The step edge is a kind of structural line that separates two facets of a building, as described 

by a jump in height between the roofs. Step edges are detected from rasterized lidar DSM. 

First, the edges features of a building polygon are obtained by applying the Canny operator. 

The Canny edge detection algorithm is known as an optimal edge detector. Sometimes, the 

edges of building boundaries are also extracted, so we need to select a distance threshold to 

remove edge features that may overlap/be close to the building boundaries. After extracting 

the edge features, straight line tracking using a strip algorithm is performed (Leung and Yang, 

1990). The algorithm extracts straight lines less than a pipe line in width from the adjacent 

pixels. Once the straight lines are extracted, a length threshold is applied to remove any short 

lines caused by noise. After this, the building direction, as indicated by the building 

boundaries, is included for line regularization. If the direction of straight lines is close to the 

building direction, the straight lines are adjusted to be parallel to the building direction. 

Finally, we get the step edges. The procedures of step edge extraction are illustrated in Figure 

3.5. 
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(a) (b) (c) 

Figure 3.5. Illustration of step edge extraction: (a) Digital Surface Model; (b) edges detected 

from Canny operator; (c) extracted step edges. 

 

3.2.2 Extraction of Ridge Lines 

The ridge line is an inner structure at the intersection of two facets. Facet extraction is an 

important intersection pre-processing step. After facet extraction, the ridge line is obtained by 

the intersection of neighboring facets. 

3.2.2.1 Facet Detection 

In this step, planar analysis of the roofs is implemented. This is important for determining the 

roof surfaces. The TIN-based region growing approach is selected to extract the facet features. 

The angles of the surface normal vectors and the minimum area are chosen as the geometric 

parameters indicating the roof surfaces. The idea is similar to 3-D model generalization in 

computer graphics (Schroder and Robbach, 1994). 

A TIN-based region growing procedure, in which coplanarity and adjacency between 

triangles are considered, is employed during facet extraction. The coplanarity condition 

means that the distance from the triangle’s center to the plane is small. When the triangles 

meet the coplanarity criteria, they are merged together to form a new facet. The process starts 

by the selecting of a seed triangle and determination of the initial planar parameter. If the 

distance from a neighboring triangle to the initial plane is smaller than the threshold, these 
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two triangles are combined. The reference plane parameter is recalculated using all of the 

triangles that belong to the region. The seed region continues to grow as long as the distance 

does not exceed a specified threshold. A new seed triangle is chosen when the region stops 

growing. The region growing step stops when all triangles have been examined. However, 

due to errors in the lidar data, fragmented triangles may exist in some detected regions. In this 

case, small regions are merged with the neighborhood that has the closest normal vector. The 

proposed method achieves reliable planar detection results. An example is illustrated in 

Figure 3.6. 

Roof 1 Roof 2

Roof 3Roof 4

 

Figure 3.6. Roof facets with labels 

 

3.2.2.2 Extraction of Intersection Lines  

Once the planar segments are extracted, then ridge lines, the intersection of two adjacent 

planar faces, are obtained. The first step in extracting a structural line is to generate the 

adjacency matrix for patches. A patch adjacency matrix is generated to determine the 

important adjacency relation between the planes which is used to check whether the 

neighboring planes are connected. If this is the case, then the intersection lines of the major 

structure are calculated. The connectedness of the planes can be established by examining 
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any shared planar edges. Figure 3.6 demonstrates labeled results of the planar extraction. The 

respective patch adjacency matrix is shown as Table 3.1. The matrix elements marked “True” 

indicate neighbouring planes.  

Table 3.1. Patch adjacency matrix 

 Roof1 Roof2 Roof3 Roof4 
Roof1  True False True 
Roof2 True  True False 
Roof3 False True  True 
Roof4 True False True  

 

After setting up the patch adjacency matrix, the intersection of adjacent planar facets to from 

structural lines is generated using the plane equations and adjacency information. Pairs of 

adjacent roof planes are selected from the patch adjacency matrix and the intersection line 

computed. The intersection line is obtained from neighbouring planar equations. The 3-D 

intersection line mathematically computed from the planar equations is generally a straight 

3-D line without end points. The vertices of the triangles are used to determine the line 

boundary. The final product of a 3-D structural line is a straight line with two end points. 

Figure 3.7 illustrates the line determination process. Figure 3.7(a) delineates the boundaries 

of rectangles calculated from shared triangle vertices. Figure 3.7(b) depicts the generated 

intersection line with two end points. 
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(a) (b) 

Figure 3.7. Illustration of line extraction: (a) buffer line between planes; (b) intersection line 

results. 

 

After extraction of the building’s structural lines, the building polygon is split into several 

building primitives. Each building primitive represents a small element of a building. In other 

words, a complex building is divided into many simple building primitives. A complex 

building is reconstructed by combining all the building primitives together. The split and 

merge process are the two major steps in primitive generation (Rau and Chen, 2003). First, all 

the structural lines are extended to the building boundaries after which intersection points 

among the structural lines are calculated. Since the building polygon has been split into many 

small polygons, the polygons must be merged and lines shared between polygons examined. 

Notice that the height information is ignored in this step. Figure 3.8 shows the results. 
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(a) (b) 

Figure 3.8. Illustration of ridge line extraction: (a) lidar TIN-mesh; (b) extracted ridge lines. 

 

3.2.3 Geometric Regularization  

For the decomposition of building boundaries, the building boundaries are delineated by 

closed polygons. Building boundaries often provide useful clues about the location of 

structural lines. Figure 3.9a shows the lines extracted before regularization. In this study, we 

decompose the building boundaries to form the building primitives. The decomposition is 

done by extending boundary lines. All extended lines inside the building are retained. Figure 

3.9b demonstrates the results. The solid lines indicate building boundaries while the dotted 

lines indicate the extended lines. 

During geometric regularization, the initial lines are regularized by employing geometric 

constraints. The end points of the initial lines are adjusted to the most probable locations 

based on the decomposed building lines. If the initial lines are in a pipeline, they are adjusted 

to coincide with the decomposed lines. Figure 3.9c illustrates the results of geometric 

regularization based on decomposed lines. 

In the next step, the splitting of building boundaries, the building polygon is split into several 

building primitives based on the structural lines. Each building primitive represents a small 

element of the building. The split and merge process comprises the two major primitive 
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generation steps. All structural lines are extended to the building boundaries, after which the 

intersection points are calculated. In other words, the building polygon is first split into 

smaller polygons then merged together based on examination of the lines shared between 

polygons. Figure 3.9d illustrates the generation of building primitives during building 

modeling. In this example, the building is split into three polygons. 

 

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

Figure 3.9. Illustration of the geometric regularization: (a) Initially extracted lines; (b) 

decomposition of building boundaries; (c) structural lines after geometrical regularization; 

(d) building primitives. 

 

3.3 Shaping of Building Primitives 

The objective of building shaping is to shape the roof top of each building primitive. Three 

dimensional shaping is performed using the lidar point clouds located in a primitive region. 

Each building primitive can be represented by a simple geometric equation after boundary 

decomposition. Due to the variety of roof types, both flat and curvilinear roofs are considered. 

The geometric equations can include planar equations, circle equations, sphere equations, 

polynomial equations, etc. There are three major steps in the building shaping process. First, 

the lidar points located in the primitive are used to determine the shape coefficients. Second, 

the shape coefficients are applied to calculate the height of primitive vertices. The last step is 

to convert curvilinear roofs to polyhedral models by splitting the roof into patches. 
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3.3.1 Data Snooping 

In order to obtain a more reliable result, the data snooping technique (Schwarz and Kok, 1993) 

is applied for blunder detection during roof shaping. In this investigation, data snooping is 

used to detect lidar points that diverge from a shape with a large error defined by a 

confidence level. The idea is to compute the standardized residual of each point during shape 

fitting. If the largest standardized residual is bigger than the threshold, then the corresponding 

point is removed. The process is repeated until all points satisfy the threshold. The 

observation equation for shape fitting can be expressed in matrix form as Equation (3-1). The 

solution of Equation (3-1) after least squares adjustment results in Equation (3-2). 

 

V=AX-T, (3-1) 

X=(AWA)-1(ATWT), (3-2) 

where 

 V is the residual vector; 

A is the coefficient matrix; 

X is the estimated parameters matrix; 

T is the constants vectors; and 

W is the weight matrix. 

 

The relation between the residual vector and the true error vector can be expressed as 

Equation (3-3) 

εWQV vv−= , (3-3) 

where 

vvQ  is the cofactor matrix for the residuals shown as Equation (3-4); and 

ε  is the vector of true error for the observations. 
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If the original measurements are uncorrelated, the specific correction for ivΔ  can be 

expressed as 

iiiiiiii rwqv ll Δ−=Δ−=Δ , (3-5) 

where 

 iiq  is the ith diagonal element of the vvQ  matrix; 

iiw  is the ith diagonal term of the weight matrix; and 

ir  is the observational redundancy number. 

 

From Equation (3-5), the correction iv  for an observation can be used to isolate 

measurement blunders by computing the standardized residuals from the diagonal elements 

of the vvQ  matrix as 

ii

i
i

q
vv = , (3-6) 

where 

 iv  is the standardized residual; 

iiv  is the computer residual. 

Using the vvQ  matrix, we obtain the standard deviation for the residual of iiq0σ . Thus, 

the t statistics can be defined by multiplying 0σ  with Equation (3-6). If the residual is 

significantly different from zero, the observation used to derive the statistics is considered to 

be a blunder. The test statistic for this hypothesis test is formulated as Equation (3-7). The 

observation point is rejected if ti is larger than the pre-defined rejection level. The rejection 
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level is a critical parameter in blunder detection. In the report of (Harvey, 1994) 3.29 works 

well as a criterion for determining rejection blunders in surveying. According to (Baarda, 

1968) the rejection criteria selected for the t distribution is 2.8 (omission and commission 

errors are assumed to be 5% and 20%) This number (2.8) is selected for the shape fitting 

 

ii

i
i q

vt
0σ

= , (3-7) 

where 

 ti is test statistic; and  

 0σ  is the standard deviation. 

 
3.3.2 Shaping of Planar Roofs  

For flat roofs we employ least squares fitting with data snooping (Wolf and Ghilani, 1997) to 

determine the coplanarity function. In least squares fitting, the sum of the squares of the 

distances to the given points is minimal. The technique may be implemented by various 

algorithms depending on the observation equations for shaping. The common observation 

equations include geometric representation, algebraic representation and parametric forms 

(Spiegel, 1968). Least squares fitting can be performed by “minimizing the algebraic 

distance”, “minimizing the geometric distance” and “optimizing the geometric fit in 

parametric form”. The “geometric fit in parametric form” provides the same results as 

“minimizing the geometric distance” (Gander et al., 1994). For this reason, in this study we 

simply select the method for minimizing the algebraic and geometric distance. The role of 

“minimizing the algebraic distance” is to provide an initial value for “minimizing the 

geometric distance”. 

For a simple plane, the observation equation can be formulated as in Equation (3-8). Equation 

(3-8) is the planar equation. The equation for point-to-plane distance is shown in Equation 

(3-9). The algebraic distance for a slanted roof can be obtained from Equation (3-8), which 
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minimizes the distance in the Z direction. The geometric distance minimizes the 

point-to-plane distance with Equation (3-9)  

 

Z = a X + b Y + c, (3-8) 

222 )1(−++

−++
=

ba
ZcbYaXd , (3-9) 

where 

 X, Y, Z are the lidar point coordinates; 

a, b, c are the coefficients of the plane; and 

d is the point-to-plane distance. 

 

Once the coefficients of the plane are decided, we calculate the shape of the roof from the 

coordinates of the vertices. The 3-D planar information is used to define an appropriate planar 

roof. Figure 3.10 illustrates an example of flat roof shaping. 

  

(a) (b) 

Figure 3.10. Illustration of flat roof determination: (a) lidar point clouds; (b) fitting results. 

 

3.3.3 Shaping of Curvilinear Roofs  

The most common type of curvilinear roof is the cylindrical roof. In order to reconstruct a 

cylindrical roof, we first obtain the curvilinear parameters using the circle equation. The most 

common cylindrical roof is symmetrical in shape, hence, the 3-D point clouds can be 
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re-projected in a specific direction, i.e., the main building direction. The circle equation is 

selected as the target equation for parameter fitting. An example of re-projected laser 

scanning point is shown in Figure 3-11. Figure 3.11a shows a perspective view of a 

cylindrical roof building. The point clouds are re-projected in the building direction as in 

Figure 3.11b. Since the building boundaries are already determined it is easy to compute the 

building direction. The advantage of point re-projection is that not only to simplify the 3-D 

cylindrical equations into 2-D circle equation, but the computation time is also improved. 

The general equation for a circle is formulated as Equation (3-10). The algebraic 

representation of the circle is shown by Equation (3-11) which is obtained by expanding the 

general equation. Equation (3-10) is used to define the initial parameters of a circle by 

minimizing the algebraic distance. Equation (3-11) is then utilized to obtain the precise 

parameters of the circle by minimizing the geometric distance via a least squares process 

 

r2 = (U – u0) 2 + (V – v0)2 (3-10) 

U 2 + V 2 + a U + b V + c = 0, (3-11) 

where 

 U, V are the coordinates of the projected lidar points; 

r is the radius; 

u0, v0 indicate the center of the circle; and 

a, b, c are the coefficients of the quadratic equation. 

 

After the re-projection, least squares parameter fitting is employed with a data snooping 

technique to determine the circle coefficients. Considering the commonality of polyhedral 

models in building representation for a cyber city, each cylinder is reformed to be a 

polyhedron; see Figure 3-11c. The disadvantage of transforming a parametric model into a 

polyhedral model is that the storage volume has been enlarged. On the other hand, the 
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advantage is that cylindrical roofs with non-rectangular boundaries can be handled. CSG 

modeling is more complicated for a cylindrical roof with non-rectangular boundaries. Figure 

3-12 shows an example of a cylindrical roof with non-rectangular boundaries. The 

phenomenon of converting a parametric model into polyhedral models also matches the 

process of building construction in the real world. As usual, curvilinear building construction 

involves the combination of small patches to form a curvilinear roof.  

 

 
 

(a) (b) (c) 

Figure 3.11. Illustration of cylindrical roof determination: (a) lidar point clouds; (b) 

re-projected point clouds; (c) cylindrical roof building model. 

 
(a) (b) 

Figure 3.12. Illustration of a cylindrical roof structure with non-rectangular boundaries: (a) 

lidar TIN superimposed with building boundaries; (b) a polyhedral model of a cylindrical 

roof. 
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Figure 3-13 illustrates the process of converting a parametric model into a polyhedral model. 

In order to minimize the conversion distortion when dividing the parametric model into a 

polyhedral model, we select an error tolerance. Equation (3-12) gives the relationship 

between the error tolerance, radius and distance for the circle. The distance can be 

represented as a function of the radius and dividing angle as in Equation (3-13). In order to 

determine the dividing angle, we substitute Equation (3-13) into Equation (3-12) and get 

Equation (3-14). Equation (3-14) thus becomes Equation (3-15). Once the tolerance of error 

is given, the dividing angle needed to decompose the parametric model with an acceptable 

error is calculated. 

 

 
Figure 3.13. Illustration of dividing a circle with the error tolerance. 

 

drT −= , (3-12) 

)2/cos(θrd = , (3-13) 

)2/cos(θrrT −= , (3-14) 

)/1(cos2 1 rT−= −θ , (3-15) 

where 

r is the radius;  

d is the distance; 
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T is the tolerance of error; and 

θ is the dividing angle. 

 

For spherical roofs we use the spherical equation for modeling. The general equation and 

quadratic equation for a sphere are formulated as Equation (3-16) and Equation (3-17) 

respectively. For the least squares fitting of a sphere we first use the quadratic equation to 

determine the initial parameters, followed by the calculation of the precise parameters with 

the general equation. The parameters of the sphere are calculated using the 3-D points. The 

sphere is also transformed into a polyhedral model by utilizing Equation (3-13) as mentioned 

above. Figure 3.14 shows an example of sphere reconstruction. A sphere equation is selected 

to fit the irregular points. The result of surface fitting is shown in Figure 3.14. Finally, the 

spherical roof is formed by patches or facets as shown in Figure 3.14c.  

 

r2 = (X – x0) 2 + (Y – y0) 2 + (Z - z0) 2 , (3-16) 

X 2 + Y 2 + Z 2 + a X + b Y + c Z + d = 0, (3-17) 

where 

 X, Y, Z are the coordinates of the lidar points; 

r is the radius; 

x0, y0, z0 indicated the center of sphere; and 

a, b, c ,d are the coefficients of the quadratic equation. 
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(a) (b) (c) 

Figure 3.14. Illustration of spherical roof determination: (a) lidar point clouds; (b) fitting 

results; (c) spherically roofed building model. 

 

Polynomial equations are utilized to determine the fit for free form surfaces. Man-made free 

form roofs are mostly smooth and continuous. Thus the polynomial equations are only used 

for target shape fitting. If the free form roof can be simplified by transformation projection, 

then we can utilize a 2-D polynomial equation for shape fitting. Otherwise, a 3-D polynomial 

equation must be applied. The general form of 2-D and 3-D polynomial equations can be seen 

in Equations (3-18) and (3-19), respectively  

 

P(t) = p0 + p1 * t1 + p2 * t2 +…+ pn * tn (3-18) 

where 

 P(t), t are the coordinates of the projected lidar points; 

p0, p1, …, pn are the coefficients of the polynomial; and 

n is the degree of polynomial. 

 

∑∑
= =
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0 0
, (3-19) 

where 

 X, Y, Z are the coordinates of the lidar points; 
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pij represent the coefficients of the polynomial; and 

M,N are the degrees of the polynomial. 

The critical parameter is to select the degree of the polynomial. In this investigation, different 

degrees are selected and calculated from the total point-to-surface error. The degree of the 

polynomial is defined by the smallest point-to-surface error. Figures 3.15 and 3.16 show two 

examples of a free form surface fitted by lidar point clouds. 

 

 

(a) (b) 

Figure 3.15. Illustration of 2-D polynomial roof determination: (a) lidar TIN-mesh; (b) 

projected fitting results. 

 

 

 
(a) (b) 

Figure 3.16. Illustration of 3-D polynomial roof determination: (a) lidar TIN-mesh; (b) 

fitting results. 

The fitting error is useful information for separate cylindrical and spherical shapes. These two 

shapes can be determined by automatically selecting the smallest fitting error. The high order 

polynomial equations are not considered in the automatic process.  
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3.4 Combination of Building Primitives. 

After the building shaping process, the three dimensional primitives can be merged together 

to form 3-D building models. Since polyhedral models are considered in this investigation, 

the roof surfaces are represented by planar facets. Each primitive is shaped independently in 

the roof shaping process but this can cause continuity problems between adjacent roofs. We 

consider the connectivity of the adjacent primitives here. If the line shared by adjacent 

primitives is discontinuous, the line is adjusted via a least squares process to obtain a 

continuous line. Moreover, the vertices on a plane should meet the coplanarity constraint. A 

least squares adjustment process is applied to obtain a consistent solution. Figure 3.17 shows 

a comparison of the regularization, with and without roof adjustment. 

 

 

Figure 3.18 shows an illustration a two building primitives for building combination. The 

first condition for each primitive is that the vertices should satisfy the co-planarity constraint. 

Furthermore, if the height difference of shared vertices (e.g., P12 and P22, P13 and P23) is 

smaller than the threshold, the second condition should be to compensate for the height error 

between shared vertices. The co-planarity condition for primitives and the height constraint 

for shared vertices are formulated as Equations (3-20) and (3-21). 

(a) (b) 

Figure 3.17. Comparison of roof adjustment: (a) before adjustment; (b) after adjustment. 
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Figure 3.18. Illustration of two building primitives for building combination 
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where 

(a1, b1, c1) are the plane coefficients of primitive 1; 

(a2, b2, c2) are the plane coefficients of primitive 2; 

(Xij, Yij, Zij) are the coordinates of vertices, where i=1-2 and j=1-4; and 

(∆Z12, ∆Z13, ∆Z22, ∆Z23) are the adjustment parameters for height. 

 

The co-planarity condition in Equation (3-20) can be represented in matrix form as Equation 

(3-22). In turn, the matrix form can be represented in a compact matrix notation as Equation 

(3-23). 
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 (3-22) 

A1*∆1-B1=V1; (3-23) 

where 

A1 is the observation matrix for the co-planarity condition;  

B1 is the constant matrix for the co-planarity condition;  

∆1 is the unknowns (i.e., co-planarity coefficients) matrix;  

V1 is the residuals matrix for the co-planarity condition.  

 

The height constraint for Equation (3-21) can also be represented in matrix form as Equation 

(3-24). In turn, the matrix form can be represented in a compact matrix notation as Equation 

(3-25). 
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(3-24) 

A2*∆2-B2=V2, (3-25) 

where 

A2 is the observation matrix for the height constraint;  

B2 is the constant matrix for the height constraint;  

∆2 is the unknowns (i.e., height coefficients) matrix; and 

V2 is the residuals matrix for the height constraint.  



 62

Equations (3-23) and (3-25) yield the co-planarity conditions with the constraint Equation 

(3-26). We can apply the least squares process to obtain the unknown parameters. Once the 

parameters are determined, we apply the parameters to obtain a consistent building model. 
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(3-26) 

A*∆-B=V, (3-27) 

where 

A is the observation matrix;  

B is the constant matrix;  

∆ is the unknowns matrix; and 

V is the residuals matrix. 

 

3.5 Summary 

The proposed method can be utilized to reconstruct a variety of buildings from 

topographic maps and lidar point clouds. Most of complex buildings can be represented by a 

combination of simple primitives. Complex buildings are first divided into several simple 

building primitives then reconstructed by combining all the building primitives. The proposed 

method is compared with other approaches (Brenner, 2000; Vosselman and Dijkman, 2001) 

where lidar data and building boundaries are applied building reconstruction. In the proposed 

method buildings are divided into simple primitives by feature extraction rather than the 

decomposition of existing building boundaries. The advantage of the proposed hybrid method 

is that it integrates data-driven primitive extraction and model-driven shape fitting. Hence, 

this method is more flexible for reconstructing buildings with irregular boundaries. Camber 

roofs can also be reconstructed with the proposed method. 
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CHAPTER 4. SIMULATION AND ANALYSIS 

 

Early on the use of lidar data was mainly focused on terrain models due to its low point 

density (e.g., 1 point per 2 to 4 square meters). With the improvement of lidar systems, it 

becomes possible to acquire data sets with a relatively high point density (e.g., 4 to 10 points 

per square meter). Hence, we can now do 3-D modeling from lidar point clouds not only of 

the terrain but also man-made objects like building models. Several authors have reported on 

the great potential of lidar as a general tool for model generation. The modeling of buildings 

from lidar point clouds is mainly based on roof splitting and shaping. Thus, the analysis of 

splitting reliability and shaping error are important issues. Simulation and analysis are 

utilized here to evaluate the performance of our proposed method systematically. Several 

shape parameters are selected to test the accuracy of the roof splitting and roof shaping 

process. 

 
4.1 Analysis of Roof Splitting 

In this section, the reliability of roof splitting is discussed. The splitting of flat roofs at 

different heights may not be a critical issue in this process because the height of flat roofs is 

easy to distinguish. The critical challenge in roof splitting is presented by multiple faceted 

gable roofs with different slopes. Hence we focus here on multiple gable buildings rather than 

flat buildings. 

Let us now discuss the relationship between point density, noise level, roof complexity, and 

the reliability of roof splitting. The noise level is related to the percentage of outliers or the 

percentage of non-roof points. Outliers are not considered as valid data if the level of error is 

larger than 3σ. We simulate point clouds showing roof slopes with different point densities. 

Different numbers of outliers inside the roof are also considered in the simulation. The 

simulated points are used for roof splitting. They are split into simple roofs using the 
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proposed TIN-based region growing technique. The reliability of the split roof can be 

determined by comparing each original roof with the rebuilt ones. Figure 4.1 shows the 

procedures for splitting analysis. 

 

 

(a) (b) (c) 

 

 

(d) (e)  

Figure 4.1. Analysis of roof splitting: (a) define the roof; (b) simulate the roof points; (c) 

roof points with errors; (d) roof points and non-roof points; and (e) extracted roofs. 

 

The analysis consists of four major parts: (1) parameter selection; (2) point simulation; (3) 

roof splitting; and (4) analysis of reliability of splitting; see Figure 4.2. 
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Figure 4.2. Workflow chart of splitting analysis. 

4.1.1 Parameter Selection 

In the roof splitting experiments we look at multiple gable roofs. An example of multiple 

gable roofs is shown as Figure 4.3. The critical shaping parameter is the slope of the roof. 

The range of the slope is from 5 to 25 degrees. The specific point density and noise level are 

also defined in this stage. The range of point density is from 1 to 10 pts/m2 to reflect the 

common practice. The noise level indicates the percentage of non-roof points in the roof; the 

range of noise level is from 0 to 24%. The standard deviation of random error for roof points 

is 0.15m. Thus, the random error for non-roof points is larger than 0.45m (3*0.15m) in this 

investigation. 

 

Figure 4.3. An example of multiple gable buildings. 
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4.1.2 Point Simulation 

The roof points are uniformly distributed over the generated roof. The number of roof points 

needs to follow the designed point density. Then, random error roof points are added to each 

point in accordance with a normal distribution. The standard deviation of random error is 

0.15m in this investigation. The last step is to generate non-roof points by adding a large error 

to the roof points. The attributes of points belonging to specific roofs are also recorded for 

further evaluation. Figure 4.4 shows a simple flag roof demonstrating the process of point 

simulation. 

  

(a) (b) 

  

(c) (d) 

Figure 4.4. Illustration of point simulation: (a) generated roof; (b) original roof points; (c) 

roof points with errors; and (d) roof points and non-roof points. 

 
4.1.3 Roof Splitting 

The objective of roof splitting is to separate the roof from the lidar points. The TIN-based 

region growing method mentioned in Chapter 3.2.2 is used for roof splitting. There is only 

one parameter needed for TIN-based region growing, the point-to-facet distance. Since the 
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standard deviation of random error is 0.15m in this investigation, we select 0.15m for the 

threshold of the point-to-facet distance. If the point-to-facet distance is smaller than 0.15m, 

this point will merge into the group. 

 

4.1.4 Reliability of Splitting 

To determine reliability of splitting we look at three aspects: (1) Correctness of the extracted 

plane, from which we computes the percentage of correct points compared to the designed 

plane. This provides the overall reliability. (2) Commission errors, for which we calculate the 

number of wrongly classified points. (3) Omission errors, for which we compute the number 

of missed points. 

 

4.1.5 Experimental Results from Simulated Data 

The test data sets are simulated based on the previous assumptions. In order to clarify the 

relationship between factors, the following combinations are taken into consideration: (1) 

density vs. slope; (2) density vs. size; and (3) density vs. noise level. 

 

4.1.5.1 Density vs. Slope 

The relevant parameters are shown in Table 4.1. The range of density is from 1 to 10 pts/m2 

while the size of the roof is fixed in 100m2. The percentage of non-roof points is fixed at 0%, 

meaning that all simulated points are roof points. The range of slope is from 5 to 25 degrees. 

Figure 4.5 shows the experimental results. The correctness, as well as the omission and 

commission errors help to determine the quality of the roof splitting. Correctness tends to 

improve as the point density increased. The correctness is better than 85% when the slope is 

larger than 8 degrees. The largest commission and omission errors occur when the slope is 

less than 5 degrees. This is because the facets are not easy to separate when the angle 

between the facets is larger than 170 degrees. 
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Table 4.1. Related density vs. shape parameters for roof splitting 

Item Description 

Density 1, 2, 3, 4, 5, 6, 7, 8, 9, 10 pts/m2. 

Shape Slope: 5, 6,7,8,9,10, 15, 20, 25 deg. 

Size 10*10 m2. 

Non-roof points 0%. 

 

(a) (b) 

 

(c)  

Figure 4.5. Results for density vs. slope in roof splitting: (a) correctness; (b) commission errors; 

(c) omission errors. 
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4.1.5.2 Density vs. Size 

Figure 4.6 shows the experimental results for size. The related parameters are shown in Table 

4.2. The slope of the roof is fixed at 25 degrees. The size ranges from 25 to 225m2 while the 

percentage of non-roof points is fixed at 0%. The results show that the correctness of the 

splitting improves as the roof size increases. Overall, when the correctness is better than 95% 

and the omission/commission error are both smaller than 10% the size of the shape is not a 

critical factor when all the points are the roof points. 

(a) (b) 

 

(c)  

Figure 4.6. Results of density vs. size in roof splitting: (a) correctness; (b) commission errors; 

(c) omission errors. 
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Table 4.2. Related density vs. size parameters for roof splitting 

Item Description 

Density 1, 2, 3, 4, 5, 6, 7, 8, 9, 10 pts/m2. 

Shape Slope: 25 deg. 

Size 5*5, 7*7, 9*9, 11*11, 13*13, 15*15 m2. 

Non-roof point 0%. 

 

4.1.5.3 Density vs. Noise level 

In this examination, the noise level ranges from 3 to 24%. The slope of the roof is fixed at 25 

degrees while the size of roof is fixed at 100m2.The related parameters are shown in Table 4.3. 

Figure 4.7 shows the experimental results. The correctness tends to improve as the noise level 

decreases. 85% is considered an acceptable level of correctness for splitting, for which the 

critical noise level is 15%. This means that the non-roof points should less than 15% of all 

points to attain an expected correctness of 85%. 

 

Table 4.3. Related density vs. noise level parameters for roof splitting 

Item Description 

Density 1, 2, 3, 4, 5, 6, 7, 8, 9, 10 pts/m2. 

Shape Slope: 25 deg. 

Size 10*10 m2. 

Non-roof points 3, 6, 9, 12, 15, 18, 21, 24%. 
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(a) (b) 

 

(c)  

Figure 4.7. Results of density vs. noise level in roof splitting: (a) correctness; (b) commission 

errors; (c) omission errors. 

 
4.2 Analysis of Shaping Accuracy 

In this section, the shaping accuracy rather than point accuracy is discussed. It is assumed 

that the roof is divided into simple roofs by the roof splitting process. The distribution and 

spacing of lidar points depend substantially on the scanner system, flight altitude and 

scanning angle. Since lidar is a non-targeting sampling system, the measurements are 

randomly distributed over the surface. Hence, the density of point clouds is an important 

issue in the reconstruction of complex objects. The point density might not be that critical for 

the reconstruction for open terrain, but for complex objects such as buildings, the point 
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density is an important factor. The density has a direct impact on reconstruction reliability. 

The objective of this section is to analyze the effects of point density on roof shaping by 

focusing on the relationship between point density, noise level, roof complexity, and the 

accuracy of generated roofs. The noise level is related to the percentage of outliers or the 

percentage of non-roof points. An outlier is considered a data point with an error larger than 

3σ. We simulate point clouds with different point densities and roof shapes. Different 

numbers of outliers inside the roof are also considered in the simulation. We include the 

common flat, slanted, gabled, cylindrical and spherical roof shapes. A set of roof elements is 

established from the simulated points using the least squares fitting and data snooping 

techniques. The accuracy of generated roofs is determined by comparing each original roof 

with the rebuilt ones. Figure 4.8 illustrated the idea of shaping accuracy assessment. 

 

 

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

Figure 4.8. Process of shape analysis: (a) define the roof parameters; (b) simulate the roof 

points; (c) calculate the new roof from the simulated points; and (d) compare the generated 

roof and original roof. 

 

There are four major parts in the analysis: (1) parameter selection; (2) point simulation; (3) 

shape determination; and (4) accuracy assessment. The proposed analysis process is shown in 

Figure 4.9. 
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Figure 4.9. Workflow chart of the shape analysis process. 

 
4.2.1 Parameter Selection 

The experimental shapes include flat, slanted, gabled, cylindrical and spherical roofs, as 

shown in Figure 4.10. The shape parameters for the selected shapes are given in Table 4.4. 

The specific point density and noise level are also defined at this stage. The point density 

ranges from 1 to 10 pts/m2 to reflect the common practice. The noise level indicates the 

percentage of non-roof points in the roof; the range of noise level is from 0 to 55%. The 

standard deviation of random error for roof points is 0.15m. Thus, the random error for 

non-roof points is larger than 0.45m (3*0.15m) in this investigation. 
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(a) (b) (c) (d) (e) 

Figure 4.10. Types of roofs: (a) flat, (b) slanted, (c) gabled, (d) cylindrical, and (e) 

spherical. 

Table 4.4. Related shape parameters 

Roof Types Size Parameters Geometric Parameters 

Flat Width Length Height. 

Slanted Width Length Slope in X and Y-axis, height. 

Gabled Width Length Slope, height of ridge and eave. 

Cylindrical Width Length Radius, center of circle. 

Spherical Radius  Radius, center of sphere. 

 

4.2.2 Point Simulation 

The roof points are uniformly distributed over the generated roof. The number of roof points 

needs to follow the designed point density. The random error for roof points is added to each 

point in accordance with a normal distribution. The standard deviation of the random error is 

0.15m in this investigation. The last step is to generate the non-roof points, which is done by 

adding a large error to the roof points. Notice that, the original roof points and attribution of 

roof or non-roof identities are also recorded for further evaluation.  

 

4.2.3 Shape Determination 

For shape analysis the simulated points are used to calculate the new roof parameters. The 

major tasks are shape fitting and removal of non-roof points. The data snooping (Wolf and 
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Ghilani, 1997) technique is used to remove the non-roof points. The shape fitting and 

removal of non-roof points are executed iteratively until the remaining points meet the data 

snooping criteria. The observation equation for a simple flat roof is formulated as Equation 

(4-1). Equation (4-2) is the plane equation for a slanted roof. The gable roof can be treated as 

the combination of two symmetrical slanted roofs. Hence, the shape fitting of gable roofs is 

similar to that of slanted roofs. Two plane equations are applied to determine shape of the 

gable roof. 

 

Z = c (4-1) 

Z = a X + b Y + c, (4-2) 

where 

 X, Y, Z are the coordinates of the lidar points; and 

a, b, c are the coefficients of the plane. 

In order to simplify the cylindrical roof equation, the lidar points are re-projected according 

to the profile of the building direction as demonstrated in Figure 4-11. The observation 

equation for cylindrical roofs reduces it from a 3-D cylinder to a 2-D circle. The general 

equation fir a circle is Equation (4-3). The general equation for a sphere is Equation (4-4). 

The least squares fitting of a sphere first requires the use of a quadratic equation to determine 

the initial parameters, followed by a general equation to calculate the precise parameters. 

 

(a) (b) 

Figure 4.11. Illustration of point re-projection for a cylindrical roof: (a) perspective view of 

lidar points; and (b) re-projected lidar points. 
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r2 = (U – u0) 2 + (V – v0)2 (4-3) 

r2 = (X – x0) 2 + (Y – y0) 2 + (Z - z0) 2 , (4-4) 

where 

 X, Y, Z are the coordinates of the lidar point; 

 U, V are the coordinates of the projected lidar point; 

r is the radius; 

u0, v0 indicate the center of the circle; and 

x0, y0, z0 indicate the center of the sphere. 

 

4.2.4 Accuracy Assessment 

The accuracy assessment is divided into three aspects: (1) Differences in parameters, where 

the designed shape parameters and the generated parameters are compared. This clarifies the 

sensitivity of parameters for different shapes. (2) Point-to-surface distance, which calculates 

the distance from the original points to the generated shape. This provides the overall shaping 

accuracy. (3) Error of point selection, which computes the commission error and omission 

error during roof point selection. This shows the effect of roof point selection. 

 

4.2.5 Experimental Results from Simulated Data 

Test data sets are simulated based the previous assumptions. The factors taken into 

consideration for clarification include the following combination: (1) density vs. shape; (2) 

density vs. size; and (3) density vs. noise level. 

4.2.5.1 Density vs. Shape 

The related parameters are shown in Table 4.5. The density range is from 1 to 10 pts/m2 while 

the size of the roof is fixed at 25m2. The percentage of non-roof points is fixed at 0%, so all 

simulated points are roof points. Several shape parameters is settled on to evaluate the 

sensitivity of the parameters. Figure 4.12 shows the experimental results. In the 
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point-to-surface, the trend is for the error to decrease as the point density increases. The 

point-to-surface Root-Mean-Squares-Error (RMSE) is smaller than 15cm for all shapes. This 

means that the roofs can be shaped accurately when there are 0% non-roof points. Among the 

shape parameters, the height of a flat roof is steady when the parameter differences are less 

than 10cm for various heights. The results show that the most sensitive parameter is the 

radius of circular roofs with differences in radii from 1m to 12m. Table 4.6 summarizes the 

analysis results. 

Table 4.5. Related density vs. shape parameters for shaping accuracy 

Item Description 
Density 1, 2, 3, 4, 5, 6, 7, 8, 9, 10 pts/m2. 

Flat Height: 5, 10, 15, 20, 25, 30m. 

Slanted Slope in X and Y axis: 5, 10, 15, 20, 25, 30, 35, 40, 45 deg. 
Height: 5m. 

Gabled Slope: 5, 10, 15, 20, 25, 30, 35, 40, 45 deg. 
Height of eaves: 5m. 

Cylindrical Radius: 5, 10, 15, 20, 25m. 
Height of eaves: 5m. 

Shape 

Spherical Radius: 5, 10, 15, 20, 25m. 
Height of eaves: 5m. 

Size 5*5m2. 
Non-roof points 0%. 

Table 4.6. Results for density vs. shape 

Shape Item Input Parameters Output RMSE 
RMSE of Point-to-surface Sigma Z=0.15cm 0.01~0.04m 

Flat 
Difference of Parameter Height: 5~30m. 0.01~0.06m 

RMSE of Point-to-surface Sigma Z=0.15cm 0.01~0.04m 
Slanted 

Difference of Parameter Slope: 5~45 deg 0.1~0.9deg 
RMSE of Point-to-surface Sigma Z=0.15cm 0.01~0.12m 

Gabled 
Difference of Parameter Slope: 5~45 deg 0.45~4.5 deg 

RMSE of Point-to-surface Sigma Z=0.15cm 0.01~0.08m 
Cylindrical 

Difference of Parameter Radius: 5~25m 1~12m 
RMSE of Point-to-surface Sigma Z=0.15cm 0.01~0.10m 

Spherical 
Difference of Parameter Radius: 5~25m 1~12m 
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

 

(f) 
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(g) 

 

(h) 

 

(i) 

 

(j) 

Figure 4.12. Results of density vs. shape: (a) point-to-surface distance for flat roofs; (b) 

difference parameters for flat roofs; (c) point-to-surface distance for slanted roofs; (d) 

difference parameters for slanted roofs; (e) point-to-surface distance for gabled roofs; (f) 

difference parameters for gabled roofs; (g) point-to-surface distance for cylindrical roofs; (h) 

difference parameters for cylindrical roofs; (i) point-to-surface distance for spherical roofs; 

(j) difference parameters for spherical roofs. 
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4.2.5.2 Density vs. Size 

The related parameters are shown in Table 4.7. The shape parameters are designed for the 

worst condition. The range of size is from 9 to 121m2 while the percentage of non-roof points 

is fixed at 0%. Figure 4.13 shows the experimental results. Overall, the shaping accuracy 

improves as the roof size increases. The point-to-surface RMSE is smaller than 15cm for all 

shapes but the error is slightly larger for circular roofs than planar roofs. The analysis results 

are summarized in Table 4.8. 

Table 4.7. Related density vs. size parameters for shaping accuracy 

Item Description 
Density 1, 2, 3, 4, 5, 6, 7, 8, 9, 10 pts/m2. 

Flat Height: 5m. 

Slanted Slope in X and Y axis: 5 deg. 
Height: 5m. 

Gabled Slope: 5 deg. 
Height of eaves: 5m. 

Cylindrical Radius: 25m. 
Height of eaves: 5m. 

Shape 

Spherical Radius: 25m. 
Height of eaves: 5m. 

Size 3*3, 5*5, 7*7, 9*9, 11*11m2. 
Non-roof points 0%. 
 

Table 4.8. Results for density vs. size 

Shape Item 
Input 
Parameters 

Output RMSE 

Flat RMSE of Point-to-surface Sigma Z=0.15cm 0.01~0.07m 
Slanted RMSE of Point-to-surface Sigma Z=0.15cm 0.01~0.07m 
Gabled RMSE of Point-to-surface Sigma Z=0.15cm 0.01~0.08m 
Cylindrical RMSE of Point-to-surface Sigma Z=0.15cm 0.03~0.10m 
Spherical RMSE of Point-to-surface Sigma Z=0.15cm 0.03~0.12m 
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

 

Figure 4.13. Results for density vs. size: (a) point-to-surface distance for flat roofs; (b) 

difference parameters for flat roofs; (c) point-to-surface distance for slanted roofs; (d) 

difference parameters for slanted roofs; (e) point-to-surface distance for gabled roofs. 
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4.2.5.3 Density vs. Noise level 

The related parameters are shown in Table 4.9. The noise level is from 5 to 55%. The data 

snooping technique is selected to remove non-roof points. The omission and commission 

error are used to evaluate the success rate for roof point selection. Figure 4.14 shows the 

experimental results. The shaping accuracy is less than 0.8m when the noise level is from 5 to 

55%. Fifteen centimeter is considered acceptable shaping accuracy. The critical noise level is 

35% for flat and slanted roofs meaning that non-roof points should be less than 35% of all 

points so as to meet the expected 15cm accuracy. The critical noise level for gable and 

cylindrical roofs is 30% and 15% for spherical roofs. Table 4.10 summarizes the analyzed 

results. 

 

Table 4.9. Related density vs. noise parameters for shaping accuracy 

Item Description 
Density 1, 2, 3, 4, 5, 6, 7, 8, 9, 10 pts/m2. 

Flat Height: 5m. 

Slanted Slope in X and Y axis: 5 deg. 
Height: 5m. 

Gabled Slope: 5 deg. 
Height of eaves: 5m. 

Cylindrical Radius: 25m. 
Height of eaves: 5m. 

Shape 

Spherical Radius: 25m. 
Height of eaves: 5m. 

Size 5*5m2. 
Non-roof points 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55%. 
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(a) (b) (c) 

 

(d) (e) (f) 

 

(g) (h) (i) 

 

(j) (k) (l) 
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(m) (n) (o) 

Figure 4.14. Result for density vs. noise level: (a) - (c) shaping accuracy, omission and 

commission error for flat roofs; (d) - (f) shaping accuracy, omission and commission error 

for slant roofs; (g) - (i) shaping accuracy, omission and commission errors for gable roofs; (j) 

(l) shaping accuracy, omission and commission error for cylindrical roofs; (m) - (o) shaping 

accuracy, omission and commission error for spherical roofs. 

 

Table 4.10. Results for density vs. noise level 

Shape Item Input Parameters Output RMSE 
Critical 

NL 
RMSE of Point-to-surface Sigma Z=0.15cm 0.01~0.60m 

Flat 
Omission/Commission Error

Noise Level: 
5~55% 

0~25% / 
0~35% 

<35% 

RMSE of Point-to-surface Sigma Z=0.15cm 0.01~0.60m 
Slanted 

Omission/Commission Error
Noise Level: 
5~55% 

0~25% / 
0~30% 

<35% 

RMSE of Point-to-surface Sigma Z=0.15cm 0.01~0.60m 
Gable 

Omission/Commission Error
Noise Level: 
5~55% 

0~25% / 
0~35% 

<30% 

RMSE of Point-to-surface Sigma Z=0.15cm 0.01~0.80m 
Cylindrical 

Omission/Commission Error
Noise Level: 
5~55% 

0~30% / 
0~40% 

<30% 

RMSE of Point-to-surface Sigma Z=0.15cm 0.01~0.80m 
Spherical 

Omission/Commission Error
Noise Level: 
5~55% 

0~25% / 
0~40% 

<15% 
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4.2.6 Experimental Results from Real Data 

In this section, real lidar point clouds with high density are used for analysis of the accuracy 

of roof shaping. The shapes include flat, gabled, cylindrical and spherical. The density of 

shapes is better than 10 points per meter square. The noise level is from 0.11% to 48% based 

on the sampling condition. The related parameters are shown in Table 4.11. We reduce the 

point density and calculate the shape parameters for different density levels. The reference 

data for the roof points which were first manually selected from the original data. The shape 

parameters of the reference data and the density reduced data were then compared. 

Table 4.11. Related parameters for real data 

Shape 
Area 
(m

2
) 

Number of  
All Points 

Density 
(Point/m

2
) 

Number of 
Non-roof points 

Noise Level
(%) 

Flat 547 9331 17.07  974 10.44% 

Gable 167 1727 10.35  176 10.19% 

Cylindrical 365 4376 12.00  5 0.11% 

Spherical 241 2412 10.03  1171 48.55% 

Figures 4.15a and 4.15b show the lidar points for a simple flat roof. The point density is 

reduced from 17 to 1 point per meter square. The height of the reference flat roof is 152.026m. 

Figure 4.15c shows the differences between the height of the reference roof and the test data 

roof. Due to the simplicity of a flat roof, the improvement in the parameters is not obvious, 

being only on the centimeter level. 

Figures 4.16a and 4.16b show the lidar points for a gabled roof. We reduce the point density 

from 10 to 1 point per meter square. The ridge and eave heights in the reference data are 

14.821m and 16.067m, respectively and the slope of the gable roof is 12.349 degrees. Figure 

4.16c shows the differences between the shape parameters in the reference and test data. The 

difference in roof height is not significant but the slope improves from 0.6 degrees to 0.2 

degrees when the density is increased from 1 to 10 points per meter square. 
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(a) 

 
(b) (c) 

Figure 4.15. Real lidar points for a flat roof: (a) original points; (b) reference data containing 

roof points only; (c) difference between shape parameter for the reference and test data. 

 

 
(a) 

 
(b) 

(c) 

Figure 4.16. Real lidar points for a gabled roof: (a) original points; (b) reference data with 

roof points only; (c) difference between shape parameters for the reference and test data. 
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Figures 4.17a and 4.17b show the lidar points for a cylindrical roof. We reduce the point 

density of cylindrical from 11 to 1 point per meter square. The eave height and radius in the 

reference data are 22.312m and 29.778m, respectively. Figure 4.17c shows the differences 

between the shape parameters of the reference and test data. The difference in roof height is 

not significant compared to the radius of the roof. Since the noise level is less than 1%, the 

improvement of radius is not significant. 

Figures 4.18a and 4.18b show the lidar points for a sphere roof. We reduce the point density 

from 10 to 1 point per meter square. This data is very noisy, but as most of the non-roof 

points are located close to the roof boundary, the noise can be removed easily when compared 

to randomly located non-roof points. The radius of the spherical in the reference data is 

8.736m. Figure 4.18c shows the differences between the shape parameters of the reference 

and test data. The improvement of the radius is from 0.24m to 0.09m when the density 

increases from 1 to 10 point per meter square. 

 

 
(a) 

 
(b) 

(c) 

Figure 4.17. Real lidar points for a cylindrical roof: (a) original points; (b) reference data 

containing roof points only; (c) difference between shape parameters for the reference and 

test data. 
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(a) 

 
(b) 

 
(c) 

Figure 4.18. Real lidar points for a sphere roof: (a) original points; (b) reference data with 

roof points only; (c) difference between shape parameters for the reference and test data. 

 

4.3 Summary 

In this section, we presented a scheme for evaluating the accuracy of the splitting and shaping 

process for different point densities. The critical slope for reliability of splitting is 8 degrees 

while the critical noise level is 15% to attain an expected correctness of 85%. In terms of the 

analysis of shaping accuracy, the experimental results indicate that the shaping error for 

circular roofs is more sensitive than for planar roofs. Moreover, the most sensitive parameters 

are the slope of gable roofs and radius of circular roofs. In the analysis of the noise level, the 

accuracy for flat and slanted roofs may reach 15cm when the percentage of noise is 35%. The 

noise level should less than 30% for gable and cylindrical roofs. For spherical roofs the noise 

level should less than 15%. 
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CHAPTER 5. EXPERIMENTS AND RESULTS  

 

Two test sites, including buildings with different characteristics, are selected for the 

validation process. The first one includes a suburban area near Ping-Dong city in southern 

Taiwan. The second case covers an urban area in Taipei city in northern Taiwan. The second 

case is more complex than the first case. Some of the buildings have roof-top features such as 

car parks, tennis courts, gardens and others. These attachments may influence the 

reconstruction process. The related test data are shown in Table 5.1. 

 

Table 5.1. Related information for test data 

 Case I Case II 

Location Ping-Dong, Taiwan Taipei, Taiwan 

Lidar System Leica ALS 50 Leica ALS 50 

Point Density (pts/m2) 1 to 2.5 8 to 10 

Mode 4 Pulses 4 Pulses 

Scale of Maps 1/1000 1/1000 

Reference Data Digital aerial images with 

10.0cm resolution. 

Digital aerial images with 

16.5cm resolution. 

 

The experimental validation procedure includes three aspects. First, the fidelity, i.e., the 

reconstruction rate for different building types is validated. Second, the height consistency 

between the reconstructed roof tops and the original lidar point clouds is checked. Third, the 

planimetric accuracy between the reconstructed roof and the structural lines from stereo 

images is evaluated. The completeness and correctness are the two major indices for fidelity 

evaluation. The completeness is divided into tw: omission and commission. Omission error 

indicates the percentage of missing parts compared to the reference data. In contrast, 

commission error represents the percentage of extra parts compared to the reconstructed 

building. Equations (5-1) and (5-2) give the definition of omission and commission error. The 

correctness refers to whether the reconstructed polygon is consistent with the reference data. 

The equation for correctness is Equation (5-3). 

Omission = O/ GT (5-1) 
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Commission = C/ T (5-2) 

Correctness = S / GT. (5-3) 

where 

 O is the number of missing polygons; 

C is the number of incorrect extra polygons; 

S is the number of correct polygons; 

T is the number of reconstructed polygons; and 

GT is the building polygons from the reference data. 

In this investigation, the height consistency is also called the Shaping Error. First, we select 

every building with planar roofs in the test area. Then, non-roof point clouds for each 

building are removed manually and the point-to-plane distance is calculated. The comparison 

of the roof-top plane with the points belonging to plane is defined as shaping error. The 

height consistency can be evaluated from the lidar points because of the high vertical 

accuracy. In contrast, planimetric accuracy for reconstructed buildings must be evaluated 

from stereo aerial images. We compare the coordinates of the roof corners in the 

reconstructed models with the ones acquired via stereoscopic manual measurements in 

planimetric checking. The error is quantified by the RMSE and the Mean of the errors. Since 

buildings often have parapets at the roof boundaries, the height of building boundaries 

measured from stereo aerial image is the height of parapets. However, as most of the lidar 

points are located on the rooftop, the lidar will shape the rooftop without the parapet; see 

Figure 5.1. Hence, we are not concerned with using stereo aerial images to evaluate the 

vertical accuracy in this investigation. 

 
(a) (b) (c) 

Figure 5.1 An example of the parapet effect: (a) measurement from an aerial image; (b) building 

model with parapet height; (c) building model without parapet height. 
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5.1 Case I  

The lidar data used in this case cover an area in Ping-Dong, a city in southern Taiwan. The 

data set was obtained by a Leica ALS 50 system in October, 2004. The average density of the 

lidar point clouds is 2.0 pts/m2. The discrete lidar points are also rasterized to DSM with a 

pixel size of 0.5m. The scanning parameters are listed in Table 5.2. The vector maps used 

have a scale of 1:1,000. Figure 5.2a shows the lidar points overlapped on the vector maps. 

Figure 5.2b shows an aerial image of the test area. The test area is about 360m by 220m in 

size. There are 25 building groups with roof types that include flat, slanted, gabled, and 

cylindrical roofs. The complex building in this area is formed by a combination of these 

simple roof types. The number of building polygons is 129. The information related to the 

test data is shown in Table 5.2. 

 
(a) 

 
(b) 

Figure 5.2. Test data for Case I: (a) Lidar points with building boundaries; (b) aerial image. 
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Table 5.2 Related information for Case I 

Lidar Vector Maps Reference: Aerial Image 

Sensor Leica ALS50 Map scale 1/1000 Sensor UltraCam-D 

Acquisition Date Oct., 2004 Production Date 2003 Acquisition Date July 9, 2005 

Data Type Points Data Type Polylines Data Type Raster Grid 

Flight Altitude (m) 1390 ~ 1950   Flying Altitude(m) 1098 

Scan FOV (deg) 42 ~ 45   Number of Images 4 

Scan Rate (Hz) 34 ~ 35     

Pulse Rate 

Frequency (kHz) 

61.6 ~ 65.3   Spectral Resolution Blue, Green, 

Red 

Point Density 

(Pts/m2) 

2.0   Sampling 

Resolution (m) 

0.10 

 

After the inner structural lines are extracted from the lidar data, the building boundaries are 

then utilized for spliting into building primitives. The 3-D facets are extracted by TIN-based 

region growing. Step edges are obtained by edge detection while the ridge lines are 

determined from adjacent planes. Parameter fitting is applied to form camber roofs. After the 

generation of 3-D building primitives, they are merged into 3-D models. The digital building 

models (DBM) are shown in Figure 5.3. After including the interior roof structure, the 

number of building polygons increases further from 129 to 246. A comparison of vector maps 

with the generated building models shows that more detail is preserved in the models than in 

the vector maps. The numbers of each building type are also indicated in Table 5.3. The flat 

roof is the simplest shape and with the largest number of 159. In addition, this area contains 3 

slanted, 24 gabledand 6 cylindrical roofs. They are all reconstructed successfully. 

 

Table 5.3. Number of different building types (Case I) 

 Flat Slanted Gabled Cylindrical Total 
Number of roofs 159 3 24 6 192 
Number of 
Polygons 

159 3 48 36 246 
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(a) 

 
(b) 

 

Figure 5.3. Results of generated building models for Case I: (a) top-view of the generated 

models; (b) perspective view of the generated models. 

 

The experimental validation procedure covers three aspects, i.e., fidelity, height consistency 

and planimetric accuracy. The reference data is taken from digital stereo aerial images with 

10cm resolution. By comparing the reconstructed building and the stereo images, we can 

ascertain the fidelity of the reconstruction. Table 5.4 shows the fidelity test for 25 

reconstructed buildings. The respective building identities are shown in Figure 5.4. The 

overall omission error is 3.23% while the overall commission error is 0%. The omission error 

is larger than the commission error because the reconstruction is based on range data. Most of 

the missing building polygons are smaller than 16m2. Moreover, the water tank and the solar 

energy panel in the small polygon always cause the omission error. Figure 5.5 shows an 
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example of missing polygons influenced by the attached objects. The correctness of building 

reconstruction reaches 96% in this suburban area. The reason for incorrect roof reconstruction 

is because of insufficient point density. Figure 5.6 shows an example of incorrect polygons 

(i.e., pyramidal roofs) caused by the insufficient point density. 

 

 

Figure 5.4. Building identities for the fidelity check (Case I). 
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Table 5.4. Fidelity check for Case I 

Omission  

Polygon 

Commission 

Polygon 

Reconstructed 

Polygon 

Correct 

Polygon

Ground

True 

Omission  

Error 

Commission 

Error 
Correctness

NO. 
( O ) ( C ) ( T ) ( S ) ( GT ) ( O/GT ) ( C/T ) ( S/GT )

1 0 0 3 3 3 0.00% 0.00% 100.00%
2 1 0 13 13 14 7.14% 0.00% 92.86%
3 0 0 14 14 14 0.00% 0.00% 100.00%
4 1 0 13 13 14 7.14% 0.00% 92.86%
5 0 0 8 8 8 0.00% 0.00% 100.00%
6 0 0 4 4 4 0.00% 0.00% 100.00%
7 0 0 9 8 9 0.00% 0.00% 88.89%
8 0 0 7 7 7 0.00% 0.00% 100.00%
9 0 0 5 5 5 0.00% 0.00% 100.00%
10 0 0 6 5 6 0.00% 0.00% 83.33%
11 0 0 20 19 19 0.00% 0.00% 100.00%
12 2 0 18 17 17 11.76% 0.00% 100.00%
13 0 0 4 4 4 0.00% 0.00% 100.00%
14 0 0 7 7 7 0.00% 0.00% 100.00%
15 1 0 26 25 27 3.70% 0.00% 92.59%
16 0 0 1 1 1 0.00% 0.00% 100.00%
17 0 0 14 14 14 0.00% 0.00% 100.00%
18 0 0 5 5 5 0.00% 0.00% 100.00%
19 0 0 3 2 3 0.00% 0.00% 66.67%
20 0 0 1 1 1 0.00% 0.00% 100.00%
21 0 0 11 11 11 0.00% 0.00% 100.00%
22 0 0 4 4 4 0.00% 0.00% 100.00%
23 1 0 12 12 13 7.69% 0.00% 92.31%
24 1 0 18 17 18 5.56% 0.00% 94.44%
25 1 0 20 20 20 5.00% 0.00% 100.00%

Overall 8 0 246 239 248 3.23% 0.00% 96.37%
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(a) (b) 

Figure 5.5. An omission polygon example for case study I: (a) reconstructed building 

superimposed on lidar points; (b) reference aerial image. 

 

 

Legend Omission Polygon
Incorrect Polygon

(a) (b) 

Figure 5.6. An example of incorrect polygons for case study I: (a) reconstructed building 

superimposed on lidar points; (b) reference aerial image. 

 

In the height consistency check, the height between the reconstructed roofs and the original 

lidar point clouds is checked. The number of original lidar points before manual editing is 

43059. After we remove the non-roof points, the number of lidar point is reduced to 37541. A 

comparison of the roof-top planes with the lidar point clouds shows that the RMSE of the 

shaping error is 0.45m while the mean of the shaping error is 0.08m. Figure 5.7 shows a 

histogram of the shaping error. 
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Figure 5.7. Histogram of shaping errors (Case I). 

 

For planimetric validation, we compare the coordinates of the roof corners in the 

reconstructed models with the ones acquired from stereoscopic manual measurements. 

Digital stereo aerial images (with a 10cm ground resolution) are used for the evaluation. We 

measure 73 well-defined building corners for accuracy evaluation. The building corner is the 

intersection of extracted structural lines. In other words, the target for examination is not the 

building boundaries from the topographic map. The RMSEs of these 73 corner points are 

0.44m and 0.69m in the E and N directions, respectively. The error vectors are shown in 

Figure 5.8. The error vectors are superimposed on the building boundaries. 

 

Figure 5.8. Error vector of generated building models (Case I). 
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5.2 Case II  

The lidar data used in this case are from a location in Taipei, a large metropolitan area in 

northern Taiwan. This area includes various types of buildings such as high-rise buildings and 

complex buildings. The data set was also obtained by a Leica ALS 50 system in Aug, 2007. 

The average density of the lidar point clouds is 10 pts/m2. The discrete lidar points are also 

rasterized to DSM with a pixel size of 0.3m for step edge extraction. The vector maps used 

have a scale of 1:1,000. Figure 5.9a shows the lidar points overlapping the vector maps. 

Figure 5.9b shows an aerial image of the test area. The test area is about 950m by 1210m in 

size. We select 39 building groups from the test area, with a total number of 158 polygons 

and with different roof types that include flat, slanted, gabled, cylindrical, and spherical roofs. 

The related information is shown in Table 5.5. 

 

 

 
(a) 

 
(b) 

Figure 5.9. Test data for Case II: (a) Lidar points with building boundaries; (b) aerial image.
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Table 5.5. Related information for Case II 

Lidar Vector Maps Reference: Aerial Image 

Sensor Leica ALS50 Map scale 1/1000 Sensor DMC 

Acquisition Date July., 2007 Production Date June, 2006 Acquisition Date Aug. 11, 2005

Data Type Points Data Type Polylines Data Type Raster Grid 

Flying Altitude(m) 1830   Flying Altitude(m) 1850 

Scan FOV (deg) 19   Number of Images 8 

Scan Rate (Hz) 26     

Pulse Rate 

Frequency (kHz) 

54.5   Spectral Resolution Blue, Green, 

Red 

Point Density 

(Pts/m2) 

10.0   Sampling 

Resolution (m) 

0.165 

 

The top-view and perspective-view of the reconstructed DBM are shown in Figures 5.10 and 

5.11, respectively. After including the interior roof structure, the number of building polygons 

increases further from 158 to 557. A comparison of vector maps with the generated building 

models shows that more detail is preserved in the models than the vector maps. The number 

of each building type is also indicated in Table 5.6. The flat roof is the simplest shape and has 

the largest number, 262. In addition, this area contains 7 slanted, 30 gabled, 9 cylindrical and 

2 spherical roofs. The results reflected in the table indicate that the non-flat roofs are split into 

many small polygons. For example, the two sphere roofs are split into 149 small polygons. 

 

Table 5.6. Number of different building types (Case II) 

 Flat Slanted Gabled Cylindrical Spherical Total 
Number of roofs 262 7 30 9 2 309 
Number of polygons 262 7 66 73 149 557 
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Figure 5.10. Generated building models for Case II (top-view) 
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Figure 5.11. Generated building models for Case II (perspective view). 

 

The experimental validation procedure covers three aspects, i.e., fidelity, height consistency 

and planimetric accuracy. The reference data comes from digital aerial images which were 

taken by an UltraCam-D digital camera. By comparing the reconstructed buildings to the 

stereo images, we ascertain the fidelity of the reconstruction. Table 5.7 shows the fidelity test 

results for these 39 reconstructed buildings. The respective building identities are shown in 

Figure 5.12. As shown in the last row of Table 5.7, the overall omission error is 4% while the 

overall commission error is 0%. The omission error is larger than the commission error. The 

completeness of reconstructed building reaches 92% in this urban area. Overall, 92% of the 

buildings have been reconstructed correctly. 

We also analyze the reasons for the omission polygons. The omission types can include: (1) 

Most of the missing building polygons are small polygons, smaller than 16m2. (2) Non-roof 

objects influence the detection of the polygon. The roof is difficult to extract because the 
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noise level is larger than the roof points. Non-roof objects include water tanks, solar panels, 

trees close to or higher than the building, pillars on the roof top, etc. (3) Some of the roof 

material is transparent (e.g., fiberglass) so some of the laser beams penetrate the transparent 

roof. This will cause insufficient points to detect the roof plane. Figure 5.13 shows these 

three examples. 

 

 

 

Figure 5.12. Building identities for the fidelity check (Case II). 
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Table 5.7. Fidelity check for Case II 

Omission  
Polygon 

Commission  
Polygon 

Reconstructed 
Polygon 

Correct 
Polygon 

True 
Omission  
Error 

Commission 
Error 

Correctness 
No 

( O ) ( C ) ( T ) ( S ) ( GT ) ( O/GT ) ( C/T ) ( S/GT ) 

1 2 0 52 52 53 3.77% 0.00% 98.11%
2 3 0 13 12 15 20.00% 0.00% 80.00%
3 0 0 4 4 4 0.00% 0.00% 100.00%
4 0 0 3 3 7 0.00% 0.00% 42.86%
5 4 0 6 6 10 40.00% 0.00% 60.00%
6 1 0 8 8 9 11.11% 0.00% 88.89%
7 0 0 71 71 71 0.00% 0.00% 100.00%
8 0 0 84 84 84 0.00% 0.00% 100.00%
9 0 0 24 19 24 0.00% 0.00% 79.17%
10 0 0 5 5 5 0.00% 0.00% 100.00%
11 2 0 15 12 19 10.53% 0.00% 63.16%
12 1 0 9 8 10 10.00% 0.00% 80.00%
13 0 0 4 3 4 0.00% 0.00% 75.00%
14 1 0 12 12 13 7.69% 0.00% 92.31%
15 0 0 15 13 15 0.00% 0.00% 86.67%
16 0 0 5 4 5 0.00% 0.00% 80.00%
17 0 0 5 4 5 0.00% 0.00% 80.00%
18 0 0 6 6 6 0.00% 0.00% 100.00%
19 1 0 3 3 4 25.00% 0.00% 75.00%
20 0 0 4 4 4 0.00% 0.00% 100.00%
21 0 0 4 4 4 0.00% 0.00% 100.00%
22 0 0 16 16 16 0.00% 0.00% 100.00%
23 1 0 7 7 8 12.50% 0.00% 87.50%
24 1 0 17 17 18 5.56% 0.00% 94.44%
25 0 0 7 7 8 0.00% 0.00% 87.50%
26 0 0 2 2 2 0.00% 0.00% 100.00%
27 1 0 2 2 3 33.33% 0.00% 66.67%
28 0 0 12 12 12 0.00% 0.00% 100.00%
29 0 0 7 7 7 0.00% 0.00% 100.00%
30 0 0 12 12 12 0.00% 0.00% 100.00%
31 1 0 19 17 20 5.00% 0.00% 85.00%
32 0 0 10 10 10 0.00% 0.00% 100.00%
33 1 0 18 18 19 5.26% 0.00% 94.74%
34 0 0 11 11 11 0.00% 0.00% 100.00%
35 0 0 17 17 17 0.00% 0.00% 100.00%
36 4 0 9 9 13 30.77% 0.00% 69.23%
37 0 0 20 20 20 0.00% 0.00% 100.00%
38 0 0 9 9 9 0.00% 0.00% 100.00%
39 0 0 10 10 10 0.00% 0.00% 100.00%
Overall 24 0 557 540 586 4.10% 0.00% 92.15%

 



 104

Legend Omission Polygon  

(a) 

 

Legend Omission Polygon

(b) 

 

Legend Omission Polygon

(c) 

Figure 5.13. Three examples of omission polygons from case study II: (a) small polygon; (b) 

influence due to vegetation points; (c) insufficient points. 
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In the height consistency check, the heights between the reconstructed roofs and the original 

lidar point clouds are checked for consistency. The number of original lidar points before 

manual editing is 812389. After we remove the non-roof points, the number of lidar points is 

reduced to 639838. A comparison of the roof-top planes with the lidar point clouds shows that 

the RMSE of the shaping error is 0.55m while the mean of the shaping error is -0.12m. Figure 

5.14 shows a histogram of the shaping error.  

For planimetric validation, we compare the coordinates of the roof corners in the 

reconstructed models with the ones acquired from stereoscopic manual measurements. 

Digital stereo aerial images with a resolution of 16.5cm are used for the evaluation. We 

measure 252 well-defined building corners for the accuracy evaluation. The RMSEs of the 

corner points are 0.40m and 0.41m in the E and N directions, respectively. The error vectors 

are shown in Figure 5.15. The error vectors are superimposed on the building boundaries. 

Figure 5.16 represents the error distribution. The x-axis shows the error in the E direction 

while the y-axis is the error in N direction. The results reveal that the errors are not 

systematically distributed. 

 

 

Figure 5.14. Histogram of shaping errors (Case II). 
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Figure 5.15. Error vector for generated building models (Case II). 

 

 

Figure 5.16. Errors for generated building corners (Case II). 
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5.3 Summary 

The experimental results are summarized as follows. 

1. We attain a reconstruction rate of better than 90% while the omission error is smaller 

than 5%. 

2. The planimetric accuracy of the reconstructed models is better than 0.5m. 

3. The discrepancy between the reconstructed roofs and selected lidar points is better than 

0.5m. 

4. The incorporation of inner structural lines from vector maps is beneficial to the building 

shaping process. Normally, these inner lines do not exist in vector maps, but there are 

some exceptions. These inner lines are still not enough to represent the details of 

complex buildings. Comparing the original building lines and the generated structure 

lines increases the number of structure lines in both cases. 

5. The results show the good potential of 3-D building model generation by the fusion of 

lidar and vector maps. 
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CHAPTER 6. CONCLUSIONS AND FUTURE WORK 

 

This dissertation has proposed a feasible scheme for the reconstruction of a variety of 

buildings that integrates topographic maps and lidar point clouds. The experimental results 

demonstrate the potential of the building reconstruction process. The proposed method takes 

advantage of the distinct boundaries in topographic maps and the high vertical accuracy of 

lidar data. Moreover, this research analyzes the reliability and accuracy of the splitting and 

shaping process. 

6.1 Conclusions 

The experimental results are summarized as follows. 

1. This investigation has proposed a divide-and-conquer scheme for the reconstruction of 

a variety of buildings that integrates topographic maps and lidar point clouds. First, the 

building is divided into several simple building primitives. Then, the building models 

are reconstructed from the building primitives. Circular roof building can also be 

reconstructed using the proposed method. The precise shaping of non-linear roofs 

provides for a more realistic model. 

2. In order to extract different structural lines, we integrate facet detection, edge detection 

and map decomposition for straight line extraction. The results show that various 

structural lines can accurately be extracted by the proposed method. 

3. The experimental results indicate that the reconstruction rate of the building 

reconstruction process is better than 90% with an omission error of less than 5%. 

Discrepancies between the point cloud set and the roof surfaces are measured to check 

the shaping accuracy. Stereo aerial images are selected to evaluate the planimetric 

accuracy of the reconstructed models. The planimeteric accuracy and shaping accuracy 

are both better than 0.5m. 

4. This investigation has presented a scheme to analyze the reliability of the splitting and 
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shaping process given different point densities. A simulation is used to analyze the 

relationship between point density, noise level, and roof complexity. 

5. For reliability of splitting, the critical slope is 8 degrees when we can expect a 

correctness of 85%. The non-roof point analysis shows that the correctness may reach 

85% when the percentage of noise is less than 15%. 

6. The experimental results for shaping accuracy indicate that the shaping error is greater 

for circular roofs than planar roofs. Moreover, the most sensitive parameter is the 

radius of the circular roof. In the analysis of the noise level, we can reach an accuracy 

of 15 cm for flat and slanted roofs when the percentage of noise is 35%. The noise 

level should less than 30% for gabled and cylindrical roofs while for spherical roofs 

the noise level should less than 15%. 

 

6.2 Limitations 

The major limitations of the proposed methods are stated below. 

1. Non-roof points for miscellaneous objects or adjacent trees restrain the reconstruction 

performance especially for small roofs. Moreover, the laser beams may penetrate 

transparent roofs leaving insufficient information for the reconstruction. 

2. The proposed splitting method may split the adjacent planar roofs or adjacent planar 

and curvilinear roof. However, the structural lines between some complex cambered 

roofs such as in traditional Chinese-style buildings may not be extracted. Figure 6.1 

gives an example of such difficult to extract structural lines. 
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Figure 6.1. An example of structural lines between cambered roofs. 

 

6.3 Future Work 

The future work is recommended on the following topics: 

1. In this study, we assume that the vector maps are error free but if buildings are 

demolished the reconstruction process could generate incorrect building models. 

Further study is suggested for the detection of changed areas. 

2. In addition, it is worthwhile to include aerial images to alleviate the limitation of lidar 

density. Hence, it is expected that future research may work towards the fusion of 

aerial image and lidar data for building reconstruction. The three-dimensional point 

clouds acquired by an airborne lidar system provide abundant shape information, 

while aerial images include plentiful spectral information. Thus, the integration of 

these two complementary data sets could be beneficial for automatic building 

reconstruction. 

3. Nowadays, airborne digital sensors provide high resolution and highly overlapping 

imagery. The improving of ground resolution preserves detailed information while the 

high overlapping capability provides good geometrical conditions for DSM generation. 

The multiple image matching technique may improve the quality of matched DSM 
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(Zhang and Walker, 2007). Hence, the proposed method may be extended and 

modified to include the matched DSM. 
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