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Abstract

Tie points are pixels that describe the geographic position of the same information
in two or more images. They are used in a variety of applications such as geometric
image transformations, image mosaicking and three-dimensional model generation.
Unfortunately, present methods used to select tie-points are computationally inefficient
and prone to error. Moreover, the methods are best suited for imagery taken at nadir. This
study examines the feasibility and effectiveness of a new tie-point generation algorithm
that utilizes inertial navigation system data and the Laplacian of Gaussian spatial filter.
Initial results show that the algorithm can provide matches with sub-pixel accuracy in
images that exhibit changes in rotation, scale, and translation. The algorithm can also
produce matches that exhibit small errors when applied to images that have the
distortions mentioned above plus changes in perspective. The average execution time of
the algorithm developed is on the order of minutes for imagery typically produced by the

Pictometry collection system.
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Introduction/Background

Photogrammetry, when examining its Latin roots, means “measure with light.” It had its
earnest beginnings with the works of Leonardo da Vinci in perspective and central projection and
continued on to Lambert and his mathematical principles allowing the discovery of an object
point from image space. Coinciding with the development of scene geometry, Daguerre invented
the daguerreotype, the first form of a photograph. Around 1840, the French geodesist Jean Arago
began to advocate the beginnings of modern photogrammetry, the use of photography to make
measurements of a scene. [1]

Konecny defined the development of photogrammetry in four stages: plane table
photogrammetry, analog photogrammetry, analytical photogrammetry and digital
photogrammetry. Plane table photogrammetry is closely associated with the advanced
development of cartography. Using terrestrial photographs, the first modern maps were created.
Along with this use, scientists began experimenting with aerial imagery in the forms of balloon
and kite photography. Due to the inherent unreliability of these systems, improvements in the
photographic systems were made. These improvements led to the analog photogrammetry stage.
In this stage, the definition of stereoscopy, or the science and technology of manipulating
multiple two-dimensional images to give the eye the appearance of three dimensions, led to
improved measurements. By using stereoscopy, one could mitigate the effects of a single lens
system, effects that reduce measurement accuracy like field of view compression and lens
distortions. Likewise, the invention of the airplane provided an improved platform for aerial
imaging. It is during this stage where most of the theory and instrumentation was developed. [1]

With the advent of the computer came the stage known as analytical photogrammetry.

Using matrix algebra, the theories of photogrammetry were transformed to handle multiple



images around a common point. As such, it was possible to perform ultra-accurate
measurements. To make these ultra-accurate measurements, corresponding locations in multiple
images, called tie points, must be defined. For much of the analytical photogrammetry stage,
these tie points were generated manually and consequently, were subject to human error. This
deficiency led to the advent of digital photogrammetry. [1] The permeating idea behind digital
photogrammetry is the complete removal of any analog system from the photogrammetric
problem. The invention of the CCD array led to an imaging system that came close to achieving
this goal. One analog system remained, however, the manual generation of tie points. As such,
research was performed to find methods that could automate the process of generating tie points.
The most common application of this research is in the process of geo-rectification, where two
images are transformed such that the “properties of any resolution element of the object being
imaged is addressable by the same coordinate pair in either one of the images.” [2]

These methods had two main goals: to be relatively error-free and be computationally
efficient. Only recently have automatic methods been presented that accomplish these goals. For
example, Xie and a team of scientists from the University of Texas at El Paso have developed an
automatic method to geo-reference two images using the Fast Fourier Transform (FFT). In their
algorithm, the FFT and a log-polar coordinate transform are employed to determine a special
impulse image. From this image, information can be extracted as parameters for a global
transform to match one image to another. [2] Another algorithm that follows the global
transformation theme is presented by Walli. In his algorithm, the Laplacian of Gaussian (LoG)
spatial filter operator and a threshold operation are combined to generate bi-level images with
distinct regions that could be considered “points.” Using a series of matching algorithms, those

“points” having similar LoG values are matched, forming tie-point pairs. Using these pairs, a



global geometric transformation is determined and applied to one image in the set. [3] Although
the exemplar algorithms are computationally efficient and error-free, algorithms of this sort are
not without limitations. First, the algorithms require that input images are of the same type. For
example, one cannot register an orthographic photo with a radar image since they have different
signatures for the same surface object. In this case, signatures specify the underlying grayscale
structure of the image. [2] Second, and most important, algorithms of this sort will not work on
images that contain non-linear geometric distortion. This is manifested in the three-dimensional
relief of objects being imaged. More simply, these algorithms cannot work on imagery unless it
is orthographic, or completely devoid of three-dimensional information.

As such, these methods cannot be used on imagery captured by a sensor that is not nadir
looking, also known as oblique imagery. Oblique imagery will contain objects that have relief
that changes as a function of camera position, height and angle. Henceforth, the tedious manual
selection process for tie points must be performed to account for the change in image
information. It would be beneficial to identify methods that could automatically generate
matching points across a set of obliquely collected images. The purpose of this study is to
develop an algorithm that can automatically generate tie points across a set of these off-nadir

looking images.



Theory
The algorithm to generate tie points consists of a series of intermediary stages where

small processing jobs take place. An overview of the algorithm can be seen in Figure 1.
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Figure 1 — Overview of the proposed automatic
tie-point generation algorithm

To start, two images are input. Second, each pixel in both images is mapped to its
representative geophysical coordinates (e.g. latitude and longitude). Third, image processing is
performed to enhance the effect of the Laplacian of Gaussian (LoG) filter. Next, point generation
occurs by applying the LoG filter to each image and thresholding the results at an arbitrary value.
After this step, the point matching algorithm is run. A point is considered matched if the
difference between the geophysical coordinates and LoG values at corresponding pixels are

within an error bounds.



At this point, the main algorithm enters an iterative process. First, the polynomial
approximation problem is solved to match image one to image two. Second, an error metric
called the root mean square distance error (RMSDE) value is calculated for each matched pixel
set. Third, matched points with an RMSDE greater than one standard deviation plus the mean
RMSDE of the set of matched pixels are removed. If any matches are removed, the iterative
process continues. Otherwise, a list of matching points is output.

Input and Coordinate Mapping

The first stage is input. Input for the algorithm consists of two true-color images. Once
the images are read in, geophysical coordinate mapping occurs. Geophysical coordinate mapping
involves calculating the latitude and longitude of an imaged point associated with a pixel’s x-
and y-coordinate values. This process occurs through the use of proprietary software made
available by Pictometry International Corporation.

Image Processing

Once coordinate mapping has been performed, image processing takes place. Image
processing must be done to make each image similar in grayscale values for the purpose of
normalizing the data to make the point generator work better. There are two kinds of image
processing performed: grayscale creation and histogram specification. If the two input images
are true-color, the equation below is employed to transform those images to grayscale. This
equation comes from the NTSC standard for luminance. [6] The grayscale transformation takes
place due to the Laplacian of Gaussian operator’s inability to work with multi-band imagery.

chmy[x, J’] = (03 *Dcred [xa y]) + (059 *chreen [xay]) + (01 1 *DCblue[x5 J’]) (1)

DCgay represents the grayscale image; DCreq, DCgreen and DCyyy represent the red, green and blue

color channels in an image.



Histogram specification involves transforming the histogram of one image to match the

histogram of another. Figure 2 highlights this process.

Second Image Histogram

Second Image CDF

Figure 2 — Histogram specification processing. Courtesy [5]

The histogram is taken for both images. Treating the normalized histogram as the probability
distribution function, a cumulative distribution function (CDF) is calculated. Using an arbitrary
input grayscale value, an output grayscale value is calculated using the path shown in Figure 2.
As aresult, a lookup table is formed and applied to one of the images. The end result is images
with similar grayscale values, independent of image structure. [4] It is important to note that
although image content is changed, these changes are discarded once the matched points have
been found.
Point Generation

The third stage in the algorithm is point generation. Point generation follows a process

like that shown in Figure 3.
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Figure 3 — Overview of the point generation stage
The first step is the application the Laplacian of Gaussian (LoG) spatial filter to an image.
The LoG spatial filter is not a single filter that can be convolved with an image. Instead, it is the
application of a Gaussian spatial filter followed by the Laplacian spatial filter. The process of
applying the LoG filter can be seen in Figure 4. In the example shown below, an arbitrary
constant that controls the size of the Gaussian filter used in the process was set with a value of

four.
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Figure 4 — Overview of the application of the LoG filter
The second step is a threshold of the LoG image at an arbitrary value. This arbitrary
value is image-independent and affects the number of generated points in this stage. As such, the

8



value will need to be modified by user on an image-to-image basis. Walli found that by applying
a threshold to an LoG image, points with high frequency detail (i.e. edges) could be isolated and
defined. The theory behind this practice is that these points will be similar across images of a
common point. [3] The third step involves the execution of connected components analysis on
the resulting bi-level image. Connected components analysis is a process by which “blobs” of
maximum-valued digital counts are categorized into a region. A blob is any collection of non-
zero valued pixels surrounded by zero-value pixels. “Blobs” are identified and pixels that belong
to said “blobs” are marked as belonging to that “blob.” A visualization of this process can be

seen in Figure 5.

Threshold Image CCA Image

Connected Components Analysis
finds regions of non-zero valued
pixels that are surrounded by
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v

Figure 5 — An example run of connected components analysis
The fourth step is a sequential search of each region defined by connected components
analysis. Within each region, the pixel with the highest absolute LoG value is found and marked.
Finally, those pixels that have been marked have their LoG values normalized and are output to
the next stage. A visualization of this process when run on a simple threshold image containing

two identified regions is seen in Figure 6.



Region 1

@ Pixel Location: (14,12); LoG Value: 239.45
@ Pixel Location: (14,13); LoG Value: 1246.26 MAXIMUM
Pixel Location: (15,13); LoG Value: 573.50

Region 2

@ Pixel Location: (134,120); LoG Value: 985.43

@ Pixel Location: (134,121); LoG Value: 987.04 MAXIMUM
O Pixel Location: (135,121); LoG Value: 535.49

Hence, after normalization with largest LoG value of the maximums (1246.26),

Point 1 — Pixel Location: (14,13); LoG Value: 1
Point 2 — Pixel Location: (134,121); LoG Value: 0.792

Figure 6 — An example of the sequential search
Point Matching
The fourth stage is the point matching algorithm. Using an iterative process, every point
in the first image is compared to every point in the second image. For each candidate point set,
the difference between each pixel set’s latitude, longitude and LoG value are calculated. If each
difference value is within an arbitrary error value, the pixel is considered matched. This process

is highlighted in Figure 7.

10



Image One

No points matched
A
No

Get a pixel from
Image One

Are there any
more pixels to
compare?

Get a pixel
from Image 2

A

Yes

Calculate the difference between the
two pixel’s latitude, longitude, and Image Two
LoG value

Are all differences
below the set
threshold?

No

Point is matched

v

™ Yes

Figure 7 — An overview of the pixel comparison process
Once this process has completed, it is possible to have multiple pixel matches in the
second image for one pixel in the first image. If so, the average x- and y-coordinates of all of the
points in the second image are calculated. Then, the average coordinates are made as a match to

the pixel in the first image. This process can be seen in Figure 8.
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Figure 8 — An example of the averaging process
Find Approximation, Predictions and RMSDE
The final stages in the tie-point algorithm involve an iterative function. The first step is a
geometric transformation of one image to register it with the other image. A global polynomial
distortion model is used to perform the transformation. Mathematically, this model is defined in

the equations below.

_ 2 2
xm - aOO + aloxref,m + aOlyref,m + allxre{f,myre{f,m + a20xr¢f,m + aOZyref,m (2)

— 2 2
ym - bOO + blO'xref,m + bOlyref,m + bllxrqf,myrqf,m + b20xref,m + bOZyref,m (3)

Xm and yn, represents matched image coordinates in one image; Xrr and yyr represent matched
image coordinates in the other image; and a,m and b, represent constants to be solved for. It is
important to note that there are unique equations for each matched point set. As such, there are

multiple linear equations. These equations can be written in matrix form as seen below.

Ay Ay
1 2 2]
Xy Xeert Veern  XreriVeern  Xrern Vieert | %o o
2 2
Xy | 1 Xeora Veer2  Xeg2Veer2  Xrera Vi || Qo1 | W Aoy %)
: : : : ay ay
1 2 2
xm xref,m yref,m xref,m yref,m xref,m yref,m i a20 a20
L 902 | | 902 |

or,
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X=Ww %)

Y =WB (6)

These constants can be solved by using the matrix inverse using the minimum number of needed

matched points (9) as below:

A=W7'X (7)

B=wY (8)

A=wW'wy'w'x )

B=w'w)y'w'y (10)
As part of the algorithm, the previous two equations will be used more extensively because more
points than the minimum number are desired. For the algorithm, the minimum number of points
desired is 18. Eighteen points are required because if there were fewer matches, the probability
that points were generated equally across the two images would decrease greatly. This spreading
is needed to increase accuracy of photogrammetric measurements that would be made once the
algorithm is executed. Once the matrices have been defined, the transformation is applied to one
image to register it with the other.

Once the transformation has taken place, a quality metric called the root mean square

distance error (RMSDE) is calculated. Here, the geometrically transformed points are compared

against the matched points in the first image using the equation below.

RMSDE = \/(xpred _‘xmat)2 +(ypred _-ymat)2 (11)
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Xpred aNd Ypreq represent the predicted coordinates from the transform while Xma: and yma represent
the coordinates found from the point matching algorithm. Next, first order statistics (mean and
standard deviation) are performed on all RMSDE values calculated.
Remove Points and OQutput

Using these first order statistics, a cut-off RMSDE value is calculated as the mean
RMSDE value plus one standard deviation. If any matched point sets have an RMSDE greater
than this value, the matched point set is considered un-matched and removed from further
consideration. If there were point sets that were deleted and more than 18 matched point sets
remain, an iteration has been completed and starts again with a new geometric transformation
using the remaining matched point sets. Otherwise, the iterative process is complete and a list of

matching points is output.
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Methods

To test the feasibility and effectiveness of the algorithm, prototype code was generated in
the IDL programming environment. To test the code, a number of test data sets were created.
These data sets contain images made around a common object and different geometric changes
occur across the two. Two types of data sets were created: synthetic data sets and real data sets.
Of the synthetic data sets, three types exhibiting different changes were created: a change of
translation, a change of rotation and a change in scale. The purpose of these data sets is to
validate the algorithm. The algorithm was applied to each data set using the same arbitrary
values for maxima error (25%) and geophysical coordinate error (0.000006°) but different values
for the LoG threshold (varying from 10%-90%). Varying threshold levels are used to fully test
the algorithm; by changing this value, all steps in the algorithm are affected rather than just the
point matching stage when the LoG maxima error or geophysical coordinate error are changed.
LoG thresholds values of 0% and 100% are not used because during the threshold step of the
algorithm, the bi-level image needed for connected components analysis to occur would become
a mono-level image. If matching points were generated across each set, the algorithm can be
considered feasible.

Once that determination has been made, real data sets containing oblique aerial imagery
were made. Five data sets were created, each set containing imagery culled from existing
Pictometry International’s collection. Each data set contained a different geometric change: a set
that exhibits a translation change in the vertical direction, a set that exhibits a translation change
in a horizontal direction, a set that exhibits a slight perspective change (less than a 30° change in
orientation), a set that exhibits a severe perspective change (roughly a 90° change in rotation)

and a set that exhibits an extremely severe perspective change (roughly a 180° change in

15



rotation). The purpose of these data sets is to test the effectiveness of the algorithm. If correct
matching points were generated across each set, the algorithm can be considered effective.

For these considerations to be made, a number of quality metrics must be measured for
each set. The first quality metric to be applied was a visual analysis of the final matched points
across the two images. By marking points in the image where matched points occurred, a
qualitative determination of the effectiveness can be made. The second quality metric was a
measurement of the time required to complete the algorithm. By recording the amount of time
the algorithm requires to execute, a qualitative determination of the computational efficiency can
be made. The final quality metric consists of a number of plots used for visualization of the data.
These plots are a plot of the number of generated point sets versus LoG threshold, a plot of the
number of matched point sets generated after the point matching has executed versus LoG
threshold, a plot of the number of matched points after the full algorithm has executed versus
LoG threshold, the mean RMSDE after algorithm completion versus LoG threshold and a plot of

RMSDE versus the number of matched point sets.
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Results
To generate these results, the algorithm was run on a Toshiba Satellite notebook
computer, containing a 2.8 GHz Pentium 4 Mobile processor and 512 MB of RAM.

Test Data Set 1: Synthetic Translation Change

Figure 9 - The first image of Test Case 1 with
matched points overlaid (LoG Threshold = 80%)
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Figure 10 - The second image of Test Case 1 with
matched points overlaid (LoG Threshold = 80%)
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Figure 11 - A plot of number of generated points after the point generation
stage has completed versus LoG threshold value for Test Case 1
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Figure 12 - A plot of number of matched points after the point matching
stage has completed versus LoG threshold value for Test Case 1
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Figure 13 - A plot of the number of matched points after the full
algorithm has executed versus LoG threshold value for Test Case 1
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Test Data Set 2: Synthetic Rotation Change

Figure 14 - The first image of Test Case 2 with matched points overlaid (LoG Threshold = 60%)
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Figure 15 - The second image of Test Case 2 with
matched points overlaid (LoG Threshold = 60%)
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Figure 16 - A plot of number of generated points after the point generation
stage has completed versus LoG threshold value for Test Case 2
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Figure 17 - A plot of number of matched points after the point matching
stage has completed versus LoG threshold value for Test Case 2

Number of Matched Points vs. LoG Threshold - Test Case 2

90

100

10 20 30 40 50 60 70 80
LoG Threshold

Figure 18 - A plot of the number of matched points after the full
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algorithm has executed versus LoG threshold value for Test Case 2
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Test Data Set 3: Synthetic Scale Change

Figure 19 - The first image of Test Case 3 with matched points overlaid (LoG Threshold = 60%)
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Figure 20 - The second image of Test Case 3 with
matched points overlaid (LoG Threshold = 60%)
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Figure 21 - A plot of number of generated points after the point generation
stage has completed versus LoG threshold value for Test Case 3
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Figure 22 - A plot of number of matched points after the point matching
stage has completed versus LoG threshold value for Test Case 3
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Figure 23 - A plot of the number of matched points after the full
algorithm has executed versus LoG threshold value for Test Case 3
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Test Data Set 4: Vertical Translation Change

Figure 24 - The first image of Test Case 4 with matched points overlaid (LoG Threshold = 20%)
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Figure 25 - The second image of Test Case 4 with
matched points overlaid (LoG Threshold = 20%)
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Figure 26 - A plot of number of generated points after the point generation
stage has completed versus LoG threshold value for Test Case 4
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Figure 27 - A plot of number of matched points after the point matching
stage has completed versus LoG threshold value for Test Case 4
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Figure 28 - A plot of the number of matched points after the full
algorithm has executed versus LoG threshold value for Test Case 4
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Figure 29 - A plot of the mean RMSDE value versus LoG threshold for Test Case 4
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Figure 30 - A plot of RMSDE value versus the number of points for Test Case 4
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Test Data Set 5: Horizontal Translation Change

Figure 31 - The first image of Test Case 5 with matched points overlaid (LoG Threshold = 80%)
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Figure 32 - The second image of Test Case 5 with
matched points overlaid (LoG Threshold = 80%)
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Figure 33 - A plot of number of generated points after the point generation
stage has completed versus LoG threshold value for Test Case 5
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Figure 34 - A plot of number of matched points after the point matching
stage has completed versus LoG threshold value for Test Case 5
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Figure 35 - A plot of the number of matched points after the full

algorithm has executed versus LoG threshold value for Test Case 5
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Figure 36 - A plot of the mean RMSDE value versus LoG threshold for Test Case 5
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Figure 37 - A plot of RMSDE value versus the number of points for Test Case 5
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Test Data Set 6: Slight Perspective Change

Figure 38 - The first image of Test Case 6 with matched points overlaid (LoG Threshold = 30%)
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Figure 39 - The second image of Test Case 6 with
matched points overlaid (LoG Threshold = 30%)
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Figure 40 - A plot of number of generated points after the point generation
stage has completed versus LoG threshold value for Test Case 6

100

41



Number of Points

Number of Points

Matched Points vs. LoG Threshold - Test Case 6

100

90 4

80 1

70 4

60 -

50

40 A

30 4

20 4

10 20 30 40 50 60 70 80 90
LoG Threshold

Figure 41 - A plot of number of matched points after the point matching
stage has completed versus LoG threshold value for Test Case 6
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Figure 42 - A plot of the number of matched points after the full
algorithm has executed versus LoG threshold value for Test Case 6
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Figure 43 - A plot of the mean RMSDE value versus LoG threshold for Test Case 6
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Figure 44 - A plot of RMSDE value versus the number of points for Test Case 6
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Test Data Set 7: Severe Perspective Change
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Figure 45 - The first image of Test Case 7 with matched points overlaid (LoG Threshold = 80%)
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Figure 46 - The second image of Test Case 7 with
matched points overlaid (LoG Threshold = 80%)
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Figure 47 - A plot of number of generated points after the point generation
stage has completed versus LoG threshold value for Test Case 7
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Figure 48 - A plot of number of matched points after the point matching

stage has completed versus LoG threshold value for Test Case 7
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Figure 49 - A plot of the number of matched points after the full
algorithm has executed versus LoG threshold value for Test Case 7
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Mean RMSDE vs. LoG Threshold - Test Case 7
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Figure 50 - A plot of the mean RMSDE value versus LoG threshold for Test Case 7
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Figure 51 - A plot of RMSDE value versus the number of points for Test Case 7
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Test Data Set 8: Extremely Severe Perspective Change

Figure 52 - The first image of Test Case 8 with matched points overlaid (LoG Threshold = 10%)

49



Figure 53 - The second image of Test Case 8 with
matched points overlaid (LoG Threshold = 10%)
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Figure 54 - The first image of Test Case 8 with matched points overlaid (LoG Threshold = 20%)
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Figure 55 - The second image of Test Case 8 with
matched points overlaid (LoG Threshold = 20%)
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Figure 56 - A plot of number of generated points after the point generation
stage has completed versus LoG threshold value for Test Case 8
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Figure 57 - A plot of number of matched points after the point matching
stage has completed versus LoG threshold value for Test Case 8
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Figure 58 - A plot of the number of matched points after the full
algorithm has executed versus LoG threshold value for Test Case 8
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Mean RMSDE vs. LoG Threshold - Test Case 8
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Figure 59 - A plot of the mean RMSDE value versus LoG threshold for Test Case 8
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Figure 60 - A plot of RMSDE value versus the number of points for Test Case 8
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Execution Times

Execution Time vs. LoG Threshold

1400
X
1200
&
1000
N
2
H X
5]
8 8001
]
£
E
S 600 - °
3 X
Q
X
w +
400 -
- o
X
X
200 1 * N
X o
X
A 8 ¥
o 8 a & & ] % ] ]
0 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
0 10 20 30 40 50 60 70 80 90

LoG Threshold

‘ ¢ Test Case 1 O Test Case 2 A Test Case 3 X Test Case 4 X Test Case 5 O Test Case 6 + Test Case 7 - Test Case 8 ‘

Figure 61 - Execution time as a function of the LoG threshold value



Discussion

As stated before, the eight test data sets were input into the algorithm and quality metrics
were measured. Analysis started with the synthetic data sets. First, one notices that at some
threshold levels, the number of generated points spike and do not follow the general trend
present within the plot. This occurrence can be seen in Figures 11 and 16. This is due to the
threshold reaching a point where the “blobs” that are formed in the point generation stage do not
contain LoG maxima that are close in location to each other.

Also, one notices that there are no plots of mean RMSDE versus LoG threshold or
RMSDE versus number of matched points. This deletion is for two reasons: 1) for some data
sets, there were not enough matched points to compute the polynomial approximation model and
2) for those sets that did contain enough points, the RMSDE was effectively zero. For each
behavior, the result was expected. Because each image contains the same synthetic objects, in
size and grayscale, the expected LoG value would be the same across the two images for the
translation and rotation sets. For the scaled data set, the LoG values would differ greatly due to
the expanded area where the second derivative operator would cover. In other words, there is no
guarantee that the maximal value within the defined regions would fall where expected.
Although this result seems to present a problem, it does not in reality. Oblique aerial images do
not have the severe exaggeration in scale that was generated in the test set. Hence, one would
expect that this problem would not present an issue.

Once the synthetic images were analyzed, examination of the real data sets began. As one
can see in the numerous plots, there is often a gentle exponential slope to each. Moreover, a
number of trends become evident. First, as the LoG threshold increases, the number of generated

and matched points decreases. Likewise, the mean RMSDE at the completion of the algorithm
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increases. This is due to the fact that as the threshold is increased, there are fewer points to
mitigate the higher errors in certain point sets. Another interesting trend concerns the type of
geometric change there is within each set. As the perspective changes more, or there is less of a
translation change within the imagery, the smaller the range in which a LoG threshold can lie in
order for point matching to occur. This can be seen as one progresses from Cases 5 to 8.
Coinciding with this trend is an apparent increase in the final mean RMSDE of each set.
As one progresses from Cases 4 and 5 (mean RMSDE ~ 0.2 nominally) which exhibit sub-pixel
accuracy, one moves on to Cases 7 and 8 (mean RMSDE ~ 1 and greater) which start to exhibit
severe errors. This is best exemplified by visual analysis of each set. As one can see in Cases 4
and 5, the matched points seem to coincide perfectly across the two images. Continuing on to
Case 6, the matched points continue this pattern for the most part. However, if one closely
examines structures within the lower right hand corner of Figures 37 and 38, one sees that there
is more than sub-pixel error. This trend continues in Case 7 where, in Figures 45 and 46, one can
see errors in the location of the matched points in a concrete island in the top-left corner of the
figures and in the parking lots surrounding the imaged mall. Finally, in Case 8, the errors in the
matches become extremely evident. Upon closer examination of Figures 52 and 53, one notices
that pixels that lie in the ground plane are correct (i.e. matched pixels surrounding the football
field) but pixels elsewhere do not. This is visible in structures such as the school. This can be

seen in detail in Figure 62.
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Figure 62 - A close-up of the errors found in Test Case 8

There is also an interesting result that can be seen in the plot of RMSDE versus number
of matched points (Figure 59). As one can see, the final mean RMSDE at 20% LoG threshold is
zero. However, if one visually examines the two images at this threshold (Figures 54 and 55),
one sees that there are abundant errors in the matched pixels, as evidenced by the pixels lying on
top of the school. These errors, along with previous errors found in Cases 6 and 7, can be
attributed to the first step of the algorithm, the geophysical coordinate mapping. As one can see
in Figures 54 and 55, each pixel lies on some spot where there is a distinct edge. This would

produce a discernable LoG spike. Due to the coordinate mapping process, which is projective,
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latitudes and longitudes are assigned to those pixels as if they were physically located at ground
level. In the case of the buildings, these pixels obviously do not reside on ground level and as

such, are prone to error. An example of this error can be seen in Figure 63.

Camera Location
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Figure 63 - A depiction of the projective error of the geophysical coordinate mapping stage
Once analysis of the effectiveness of the algorithm concluded, analysis of the execution
time began. As one can see in Figure 61, the trend for the real data sets shows that as LoG
threshold increases, the execution time decreases. This is easily explained by the fact that as the
threshold increases, fewer points are generated and hence, fewer points need to be matched.
From the plot, one also notices that the maximum execution time is around 1300 seconds, or
21.67 minutes. This number is fairly reasonable considering the size of the images input into the

algorithm.
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Conclusions

All in all, the tie point generation algorithm has shown show limited success. First, it is
computationally efficient. With execution times that span from one to twenty minutes, the
algorithm proves feasible within this regard. Second, it has shown that matched points with sub-
pixel accuracy can be generated on images that exhibit changes in translation and slight changes
in perspective. However, more development must be performed to improve the results when the

algorithm is applied to images that exhibit severe perspective changes.
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