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Abstract

With advances in technology such as Google Glass, augmented reality is becoming a more and more realistic possibility for the future. Our goal in this project was to create a framework that could project information from maps and satellite data in a meaningful relationship to what the user is viewing. Our method uses GIS data in the area that a picture is taken along with camera information such as focal length to segment the image in to sections covering nearby buildings and sections covering streets. Our method is different from a dedicated building detector because it does not require training, only 2-D GIS data representing the nearby building outlines and EXIF data about the camera that took the picture. 

1. Introduction

	Current method of navigation are very accurate, but they lack an important feature; connection to what the user is viewing. Our method uses existing GIS data to overlay navigation data on an image.
	Our method has four major steps which will be discussed in full in this paper. The first of these steps is collecting data from the image being examined. We find the horizon as well as segment the image into multiple super-pixels. Our second step uses the EXIF data given for each image along with a 2-D GIS map of the outlines of nearby buildings to calculate the approximate locations of each nearby building in the view of the camera. This step along with the horizon calculation gives us an initial binary map covering the location of a building based only on the GIS data. Step three takes that binary map and compares it to the segmentation of the image and assigns a score to each segment based on how they overlap and relate to the binary map in a method we are calling Segmentation and GIS Fusion. Finally we take the position of each building and the streets in view and send them through the Google Maps API to convert the latitude, longitude location on to street address. Figure 1 shows an outline of our method.
	So far our method has showed us good results on our one dataset. With further research we how to have our results published by the fall of 2014.

2. Image Data

	The first step in being able to project GIS data on an image is to understand the content of the image. The first information that we can obtain about an image is where the horizon is. Separate from finding the horizon in an image, we can segment the image into super-pixels.

[image: ]2.1. Geometric Image Parsing in Man-Made EnvironmentsFigure 1. Flowchart of our method.
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[image: ][image: ]	Early in this we knew that we would have to find a way to orient the GIS building data to what was in the field of view. The finer details of how we projected this data will be discussed in section 3.2. Figure 2. Red line marks the horizon, green the zenith.

	We decided to implement horizon calculation via Geometric Image Parsing in Man-Made Environments by Barinova et al [1]. This method first finds the edges within in image using a standard edge detector, it computes those edge pixels into line segments, line segments into lines, lines into horizontal vanishing points, and then computes the zenith and the horizon. This method of geometric image parsing was designed to work in man-made environments, i.e. cities. This worked out well for our project because our dataset was primarily based in Washington D.C. 
[image: ][image: ]	The calculated horizon became out base line for determining where the street ended and where a building began. Figure 2 shows examples of the horizon calculation. We worked under the assumption that all buildings were at or above the horizon and the area belonging to the street was below the horizon. Because almost all of our dataset images were taken at eye level, this assumption held true under most circumstances.Figure 3. Example Segmentation. The segments have been randomly colored.

Although this method calculates much more meaningful information about an image, we chose to only use the horizon calculation. We chose this because one of our goals was to do as little computing as possible while still getting good results.

2.2. Super-Pixel Segmentation
	
[image: ]	For our system to work we needed a method to segment the images in our dataset. We chose to use the method in Entropy Rate Superpixel Segmentation by Ming-Yu Liu [2]. This method worked best for because it creates well grouped super-pixels that are of relatively similar sizes. This made the projection, segmentation fusion work well because there weren’t any pixel segments that were abnormally large or abnormally small. An example of the segmentation is given in Figure 3.

3. GIS Data

	On the other side of our fusion method is the GIS Data. We used publicly available GIS information to project an initial overlay of where a building was located on an image.

3.1. GIS Database

	Many cities around the world are starting to collect and store GIS data describing the city. We used data for the Washington D.C. area that was collected for various zoning and construction purposes. The data was made available to the public as part of D.C.’s public discloser program.
	The original data came in the form of a .kml file used in Google Earth. We then converted the coordinate data from the .kml file into a .mat data file in MATlab. This gives us outlines for every building within the city limits of Washington D.C.

3.2. GIS Building Projection

	Using the building outlines obtained for the Washington D.C. database, we were able to use the building projection method used in GIS-Assisted Object Detection by Ardeshir el at [3]. This method converts the geodetic coordinates (latitude, longitude, altitude) from the GIS database into first Earth-Center, Earth Fixed Cartesian coordinate system. From there, the coordinates are converted in East-North-Up format and then in (x,y) pixel locations. More details on this conversion process can be found in [3].
	This projection method gave us an initial outline of the building that had the correct relative size and position, but did not line up with the building in frame. This is where we incorporated the horizon calculation discussed above. We aligned the projections with the horizon to give us an initial estimation of the location of the buildings. Figure 4 shows the difference that the horizon made.
[image: ][image: ]	Once the projections were aligned with the horizon, a binary mask was created for each of the buildings in view. This mask simply had a one at every point in the projection and a zero everywhere else. Each building in frame has its own binary mask.Figure 4. Pre and Post horizon alignment projections


3.3 GIS Street Projection

	Projecting the streets presenting more of a problem than projecting buildings because there wasn’t a usable, available GIS database with the location and area of streets. Lacking a database for the street, we decided to create our own.
	We based our street projection method on the assumption that any area of a city that wasn’t covered by a building was part of a street. Although this isn’t a perfect assumption, for most cases it works well. We started with our building outline map and from that created a mesh grid of points covering the whole map. After eliminating the grid points that were within a building’s outline, we had a map of latitude, longitude points that represented the streets. Using the same occlusion handling from the method in [3] we found just the street points that were in the field of view of an image. At this point the projection for the streets was very similar to the projection of buildings discussed above. A new binary mask was made for each image to represent the street area in the fusion.
	
4. GIS Projection and Segmentation Fusion

	One the segmentation and GIS Projection was completed, the fusion process could be completed. The general concept in fusion is that each super-pixel resulting from the segmentation is assigned a score based on how much it overlaps with a building mask. These initial scores then go through a series of iterations where they are updated resulting in a final score. Super pixels with a score above a certain threshold are labeled as being part of the building in question, those super pixels that scored below the threshold are labeled as other.
 
4.1. Single Segment Optimization
	
	In single segment optimization, fusion was performed while looking at only one binary mask. One building at a time essentially. In this method streets were not brought into the equation yet.
	The initial scores for each super-pixel are calculated as a simple percentage.


𝝋 = Set of pixels within super-pixeli
𝚪 = Set of pixels within super-pixeli covered by the binary map

In examples where the binary map was very precise, the final scores did not change much from the initial scores because it was clear which super-pixels belonged where.
 	Figure 5 describes how the final scores were calculated from the initial scores. The second equation of figure 5 is not implemented in single segment optimization because there is only one final segment because we are only looking at one object.

4.2. Multi-Segment Joint Optimization

	Multi-segment joint optimization is very similar to single segment optimization, the only difference being that in this method we take into account every one of the binary maps for the image. We are not looking at both every building, if the image has more than one building, and the street binary map.
	This is where the second equation of figure 5 comes into play. It forces each super-pixel to belong to only one projection segment. In many cases because of inaccuracies in the GIS projections, super-pixels were being categorized as both part of a building and the street. With the addition of this constraint every super-pixel must be part of one or the other segments, but never both.

5. Address and Street Name Data

	With fusion complete we now how a completed segmentation of the image, with a segment for each building and a segment for the street. But none of that is very meaningful without information about what that building is or what the street is called.

5.1. Google Maps API

	We found that the best way to get the information for building addresses and street names came from the existing maps and navigation program of Google Maps. The Maps Application Programming Interface (API) allows for very simple address look up based on latitude and longitude data.
	As the binary maps for each building were being created, we saved the location of the approximate center of each building. This point became our reference to find the address of the building. We then use the Maps API Web Service for find the building number using the latitude, longitude location. This works by sending HTTP requests to the Google Maps database, which returns an .XML file. The .XML file can then be parsed for the specific building number and street address of the building. We found that this method works with a high degree of accuracy, the only drawback being that requests to the database are limited. One the address is found, it is printed on the image over the center location of the building.
The streets again presented more of a challenge than the buildings. We first took all of the street grid points that were in view of the image and found the name of the street where each point was located. This was done using the same Google Maps API. The only difference is in how we read the .XML file that is returned. Now instead of parsing through looking of the building number and street address we look for simply the name of the street. After that the points were grouped based on if they shared the same name. This data was organized in a cell variable so that each street name was associated with its corresponding points. After the streets data is organized we again calculate the centers of each street object and print the street name over the center location of the street.

6. Results
	
	So far our method has shown good results on certain types of images. Examples of these are shown in figure 6. As shown the method works best with simple images, where there are only one or two buildings and one street segment. When there are multiple buildings and multiple streets, more segments are mislabeled. Also when there are more non-building or street segments, i.e. trees, people, cars, the method does not perform as well.
	
7. Conclusions

	In eleven weeks of work we created a working method for semantically segmenting an image in a way that could be useful for navigation. Although the results aren’t perfect, our method shows promise and with future work we hope that it can become more successful.
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Figure 5. Equations for the final scores
Figure 6. Examples of results
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