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ABSTRACT

High quality 3D building databases are essential inputs for urban area Geographic Information Systems. Since manual generation of these databases is very costly and time consuming, the development of automated algorithms is of great need. This article presents a new algorithm to automatically extract accurate and reliable 3D building information. High overlapping aerial images are used as input to the algorithm. Radiometric and geometric properties of buildings are utilized to distinguish building roofs in the images. This is accomplished using image segmentation and neural network techniques. A rule-based system is used to extract the vertices of the roof polygons in all images. The 3D coordinates of these vertices are computed using photogrammetric mathematical models. The algorithm is tested on a number of buildings in a complex urban scene. Results showed a detection rate of 99% and a false alarm rate of 5.0%.  The root mean square error for the extracted building vertices is 0.25 meter using 1:4000 scale aerial photographs scanned at 30 micron. 

INTRODUCTION

Three dimension building information are required for a variety of applications, such as urban planning, mobile communication, visual simulation, visualization, and cartography. Automatic generation of these information is one of the most challenging problems in photogrammetry, image understanding, computer vision, and GIS communities. Current automated algorithms have shown some progress in this area. However, there still remain some deficiencies in these algorithms. This is particularly apparent in comparison to manual extraction techniques, which, although slow, are essentially perfect in accuracy and completeness. 

Recent research covers extracting building information from high resolution satellite imageries, high quality digital elevation models (DEM), and aerial images. QuickBird and IKONOS high-resolution satellite imageries are used to acquire planemetric building information with one meter horizontal accuracy  (Theng 2006 and Lee et. al. 2003). However, satellite imageries still lack to provide high quality elevation data. High quality DEM such as those available from light detection and ranging (LIDAR) have been used to generate 3D building models (Tse et. al. 2006 and Tarsha-Kurdi et. al. 2006). Although LIDAR data provide accurate 3D positions, it is expensive to collect and insufficient to provide surface texture. 

Aerial images are the primary source to acquire accurate and reliable geospatial information. Muller and Zaum (2005) proposed an algorithm to detect and classify buildings from a single aerial image using a region growing algorithm. Lin and Nevatia (1998) proposed an algorithm to extract building wire-frames from a single image. However, a single image does not provide 3D information. Avrahami et. al. (2004) and Chein and Hsu (2000) used a pair of stereo images to extract building information. Although one pair of images is adequate to find the 3D position of two visible corresponding image features, it is insufficient to extract the entire building due to hidden features that are not projected into the image pair. Therefore there is a need to use more than two images to extract 3D buildings.

Kim et. al. (2001) presented a model-based approach to generate buildings from multiple images. Three dimensional rooftop hypotheses are generated using 3D roof boundaries and corners extracted from multiple images. The generated hypotheses are then used to extract buildings using an expandable Bayesian network. However, the algorithm is implemented in a pairwise mode. Wang and Tseng (2004) proposed a semi-automatic approach to extract buildings from multiple views. They proposed an abstract floating model to represent real objects. Each model has several pose and shape parameters. The parameters are estimated by fitting the model to the images using least squares adjustment. The algorithm is limited to parametric models only. In this article a new algorithm to extract building wire-frames using more than two images is presented. The algorithm has the capability to extract a wide range of buildings with different shapes, orientations, and heights.

The presented algorithm is implemented using computer vision techniques to extract image features, artificial intelligence algorithms to classify these features, and rigorous photogrammetric mathematical models to generate object space coordinates. Inputs are two or more images for the building. The algorithm has been tested on a large sample of buildings selected quasi-randomly from the Purdue University campus. Four images are used for each building and the automatically extracted wire-frames of the extracted buildings are presented. Results show significant improvement in the detection rate and accuracy and suggest the completeness and accuracy of the proposed algorithm. The remaining of this paper is organized as follows. First the process of extracting building polygons in aerial images is presented. Then the generation of 3D building models is proposed. Results are given in the next section followed by discussions and conclusions. 

EXTRACTING BUILDING POLYGONS IN AERIAL IMAGES

Image region extraction

A split and merge image segmentation process is applied to segment the image, Horowitz and Pavlidis (1974) and Samet (1982). The segmentation process has three main steps. First splitting the image: the image is recursively divided into smaller regions until a homogeneity condition is satisfied. Then adjacent regions are merged to form larger regions based on a similarity criterion. In the last step, small regions are either eliminated or merged with larger regions and holes are filled. The results of the  segmentation process for one sample building is shown in Figure 1. 
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Figure 1. Split and merge segmentation results for the image of one building 

Region classification 

A Neural Network is implemented to distinguish roof regions from non-roof regions. Each region is assigned two attributes for the classification process. The first attribute measures the linearity of the region boundaries, while the second attribute measures the percentage of the points in the region that are above a certain height. 

Border linearity is measured using a modified version of Hough transformation, Hough (1962). The approach includes the following steps; extracting region border points, linking border points, finding local lines that fit groups of successive points, and filling a parameter space similar to the Hough parameter space for line extraction. The parameter space is then searched and analyzed to determine a measure for border linearity. The border linearity measure is defined as the percentage of the number of points in the larger four cells to the total number of border points. 

A digital elevation model is used to quantify the height of each region. Each point in the image is assigned an elevation value by projecting the DEM back to the image using the image registration information, the pixel location in the image, and the DEM. For each image point a ray is generated starting from the exposure station of the camera and directed toward the point. The intersection between the ray and the DEM defines the elevation of the image point. The region height measure is defined as the percentage of the number of points in the region that are above a certain elevation to the total number of points in the same region. 

The neural network implemented in this research is a feed-forward back-propagation network, Figure 2. The network consists of three layers; an input layer, one hidden layer, and an output layer. The number of neurons in the first layer is two. Several experiments were conducted to determine the optimum number of neurons in the second layer. Results showed no significant changes in the outputs. Hence, the number of neurons in this layer was selected to be ten. The number of neurons in the third, i.e. last, layer is one. The output of this neuron is either one in case the region is a roof region or zero in case the region is not a roof region. The activation function for all neurons in the first and second layers is the sigmoid functions, (Principe et. al. 1999). For the output neuron, the step function is chosen as the activation function. To study the performance of the neural network a variety of training datasets were used with different sizes:  20, 50, 100, 200, and 400 samples, including 2, 5, 10, 20, and 40 roof samples respectively, while the other samples are non-roof samples. The average detection rate and false alarm rate for each training dataset is recorded and shown in Figure 3. Results show that increasing the size of the training dataset does not affect the detection rate significantly. However increasing the size of the training dataset has a significant effect on the false alarm rate.
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Figure 2. The implemented neural network
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Figure 3. The detection rate (left) and the false alarm rate (right) 

Image polygon extraction

The 2D modified Hough space is utilized in extracting the borderlines for the roof regions. Given all points contributing to a certain cell, a nonlinear least squares estimation model is used to adjust the line parameters. Lines are then grouped recursively until no more lines with similar parameters are left and short lines are rejected. The next step is to convert the extracted lines to polygons via a rule-based system. The rules are designed as complex as possible to cover a wide range of polygons. The mechanism works in three steps. The first step is to find all the possible intersections between the borderlines. However if two lines are almost parallel the intersection point is not considered. If the distance between the end point of the line and the intersection point is large the intersection point is rejected. The next step is to generate a number of polygons from all the recorded intersections. Each combination of intersection points is considered to be a polygon hypothesis.

Hypotheses are ignored if the difference in area between the region and the hypothesized polygon is large. The best polygon that represents the region is chosen from the remaining hypotheses using a template matching process. The template is chosen to be the region itself, while it is matched across all polygon hypotheses. The hypothesis with the largest correlation and minimum number of vertices is chosen to be the best fitting polygon. The extracted polygons for a sample building are shown in Figure 4.
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Figure 4.  Extracted image polygons for a sample building

3D POLYGON EXTRACTION

Polygon correspondence

All possible polygon correspondence combinations are considered and for each combination the vertices of the correspondent polygons are matched across all available views. The collinearity photogrammetric equation, Mikhail et. al. (2001), is used to compute the ground coordinates of any point given it’s image coordinates in at least two images. Since there exists more than one pair of images, the residuals of the matched 3D polygon vertices can be calculated. The matching residuals are summed for each combination set, and the combination set with the minimum residual is selected as the best combination set. 

Computing the 3D polygon coordinates 

After finding the corresponding polygons, the 3D coordinates for each roof polygon is computed, however the building topology is not yet reconstructed. A geometrically constrained least squares model is implemented in order to refine the locations of the polygon vertices and to reconstruct the building topology. The input observations are the image coordinates of the polygon vertices, the unknowns are the object space coordinates for the 3D polygons. The following constraints are used:

1. The polygon vertices should be planer.

2. Symmetric polygons should be constrained to have symmetric parameters. 

3. Points that are almost in a horizontal plane are constrained to have the same elevation.

4. Points that are almost in a vertical plane are constrained to be in a vertical plane

5. Nearby vertices should be grouped into one vertex.

The aim of the refining step is to convert groups of neighboring vertices into one vertex, adjust the elevations of horizontal points, and reconstruct the correct relation between adjacent facets.

RESULTS 

A sample of 30 buildings extracted using the presented algorithm is shown in Figure 5. The results show the completeness and accuracy of the 3D buildings that can be extracted using the presented system. In order to evaluate the accuracy of the extracted buildings, the 3D coordinates of the extracted building vertices were extracted manually and compared with the automatically extracted coordinates. The RMS error for the vertices of all buildings is 0.25m. 
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Figure 5.  The wire-frames of the extracted buildings (repositioned)

DISCUSSIONS AND CONCLUSIONS 

This paper presents a new algorithm to generate high quality 3D building infromation. Results presented in this paper show the great improvement that the algorithm adds. The algorithm utilizes radiometric and geometric properties of urban buildings. Image segmentations, neural networks, rule-based systems, photogrammetric mathematical models, and rigorous geometric constraints are used. The algorithm succeeds in extracting a wide range of urban building. The tested dataset includes simple buildings with one rectangular roof, gabled roof buildings, multi store buildings with large relief, and a variety of complex buildings. The RMS error of the building vertices is about 0.25m. The overall detection rate for is 99% and the false alarm rate is 5%. 
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