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Introduction

Automated synthetic terrain and architecture generation is now 

becoming feasible with calibrated camera remote sensing. This 

poster shows computer vision techniques that have recently 

become popular to extract óstructure from motionô  of a calibrated 

camera with respect to a target. This process will build off of 

Microsoftôs popular òPhotoSynthò technique and apply it to 

geographic scenes imaged from an airborne platform.   Images  

taken from an airborne platform often have wide baselines and a 

sparse number of images covering the desired target.  

Generation of both sparse and dense point clouds will be used to 

increase the fidelity of the 3D structure for realistic scene 

modeling. 

Our Approach

üScenes are reconstructed on both a macro (sparse) and a 

micro (dense) scale

üThe macro process establishes an initial correspondence and 

from that derives the epipolar geometry between images and  a 

sparse point cloud of scene coordinates

üThe micro process uses the found epipolar geometry and a 

region of  interest over a target to generate a dense point cloud of 

scene coordinates

üA point in left image corresponds to a line in right image, this is 

called the epipolar constraint [1]

üThe fundamental matrix F describes the relationship between 

two images [1]

üUsing RANSAC with the equation above, the outliers in the 

initial correspondence from SIFT are removed [1] 

Initial correspondence 

Epipolar Geometry & RANSAC (RANdomSAmpleConsensus)

üThe points are put into UTM coordinates by projecting the 

Scene coordinates through the collinearityequations onto the 

base image, these equations use the calibrated camera 

information 

0=L

T

RFXX

Finding the scene coordinates 

üPhotogrammetry is used to calculate an initial estimate of the 

scene coordinates [4]

üDerived from figure 3:
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üWhere a,bare vectors of camera information, i is the image 

point the in the right image, j is the image number. P is the 

predicted projection of point i onto image j,  d represents the 

Euclidean distance operator and v is a binary operator that is 1 if 

the point exists and 0 otherwise
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üScale invariant feature transform (SIFT) is a scale and 

orientation invariant  detector [3]

üImage is convolved with Gaussian kernels of different widths 

üFeatures are detected by finding local extrema in the 

difference between Gaussian images

üFeatures are described by the scale of the Gaussian curve 

and by the relative orientation of the area around the feature to 

create scale and orientation invariant description vectors

üDescription vectors are matched using nearest neighbor 

approach

Dense Correspondence

üUsing principles of epipolar geometry, every point over the ROI 

is matched along epipolar line in other camera to generate dense 

correspondence

üOnce correspondence is determined the scene coordinates 

are extracted using the previously mentioned methods

üThis model is facetizedand an image is projected onto the 

model

üThe estimates along with the calibrated camera information 

and the correspondences are put through a sparse bundle 

adjustment to refine the scene coordinate estimation[2]

AeroSynthoutput

üCombination of macro and micro scene reconstruction with a 

comparison to a hand created CAD model
Unordered Images

A

B

C

Feature Extraction

A

B

CB

C

Image Correspondences

A

B CB CB C

A

B CB C

Image Group Relationship

Sparse Bundle Adjustment

Sparse Point Cloud &

Coordinate Transformation

3D Models

Pass Relevant AeroSynthData from 

Macro Process to Micro Process
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*Environment used to display models is Google Earth

Figure 2: Basic epipolar geometry showing the epipolar constraint

Figure 1: The AeroSynthworkflow
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Figure 3: Simple geometry of straight baseline aerial photography 

Figure 4: TOP: Five images overlapping a scene of a wastewater treatment plant. BOTTOM: The images 

projected onto a map to show the overlapping regions*

Figure 5: TOP: The five overlapping regions and initial scene coordinate estimate before sparse bundle adjustment. 

BOTTOM LEFT: The five overlapping regions after the sparse bundle adjustment. BOTTOM RIGHT: The points 

projected back onto the base image to calculate the UTM coordinates for each point. 

Figure 6: LEFT: Target chosen in base image with single point chosen. MIDDLE/RIGHT: 

Corresponding epipolar line

Figure 7: LEFT: Point cloud derived from dense correspondence. RIGHT: Facetizedpoint cloud with image 

texture map overlaid

Figure 7: AeroSynthoutput with comparison models (Comparison models provided by Pictometry

International Corp)


