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Sammanfattning 

In most Unmanned Aerial Vehicles (UAV) there is a Hybrid Navigational System that consists of 
an Internal Navigational System and a Global Navigational Satellite System (GNSS). In 
navigational warfare the GNSS can be jammed, therefore are a third navigational system is needed. 
The system that has been tried in this thesis is camera based navigation. Through a video camera 
and a sensor reference the position is determined. This thesis will process the matching between 
the sensor reference and the video image. 

Two methods have been implemented: normalized cross correlation and position determination 
through a homography. Normalized cross correlation creates a correlation matrix. The other 
method uses point correspondences between the images to determine a homography between the 
images. And through the homography obtain a position. The more point correspondences the better 
the position determination will be. 

The results have been quite good. The methods have got the right position when the Euler angles 
of the UAV have been known. Normalized cross correlation has been the best method of the tested 
methods. 
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Abstract 
In most Unmanned Aerial Vehicles (UAV) there is a Hybrid 
Navigational System that consists of an Internal Navigational 
System and a Global Navigational Satellite System (GNSS). In 
navigational warfare the GNSS can be jammed, therefore are a 
third navigational system is needed. The system that has been 
tried in this thesis is camera based navigation. Through a video 
camera and a sensor reference the position is determined. This 
thesis will process the matching between the sensor reference 
and the video image. 

Two methods have been implemented: normalized cross 
correlation and position determination through a homography. 
Normalized cross correlation creates a correlation matrix. The 
other method uses point correspondences between the images to 
determine a homography between the images. And through the 
homography obtain a position. The more point correspondences 
the better the position determination will be. 

The results have been quite good. The methods have got the right 
position when the Euler angles of the UAV have been known. 
Normalized cross correlation has been the best method of the 
tested methods. 
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Parameters and Symbols 
B The body coordinate frame. 
C  The camera coordinate frame. 
f The focal length of the camera. 
G The geodetic coordinate frame 
K The Gimbal coordinate frame.  
u0 The x-coordinate of the principal point. One of the 

intrinsic parameters used in K. 
v0 The y-coordinate of the principal point. One of the 

intrinsic parameters used in K. 
α Magnification factor in x-direction. One of the 

intrinsic parameters used in K. 
β Magnification factor in y-direction. One of the 

intrinsic parameters used in K. 
φ The roll angle of the UAV. 
θ The pitch angle of the UAV. 
ψ The heading angle of the UAV. 
F The Fourier transform. 
Matrices, Vectors and Points 
C Camera centre. 
D World points. 
d Image points. 
K The internal camera matrix. 
P The camera matrix. 
C
GR  DCM from geodetic frame to camera frame. 
B
GR  DCM from geodetic frame to body frame. 
K
BR  DCM from body frame to Gimbal frame. 
C
KR  DCM from Gimbal frame to camera frame. 
G
GCt  Translation vector between the geodetic and the 

camera frame, expressed in the geodetic frame. 
C
CGt  Translation vector between the geodetic and the 

camera frame, expressed in the camera frame. 
H Homography between two images.  
T Normalization matrices for 2D points. 
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1 Introduction 
This chapter begins with a background to navigation and why 
this Master thesis is done. That section is followed by a 
presentation of the objectives of this Master thesis, then a 
presentation of the parts in this Master thesis. Finally, the 
limitations will be stated and an outline of the thesis is presented. 

1.1 Background navigation 
Geographical navigation and particular guidance are the concepts 
to decide or calculate how to move the own craft to a desired 
destination. To be able to solve the matter the minimum 
requirement is to know where we currently are located. A system 
that can locate the craft position is often referred to as a 
positioning system or navigation sensor system. 

One system of interest is the technique Inertial Navigation 
System (INS). INS consists of at least a computer and some 
motion sensors. The motion sensors in an INS are accelerometers 
and gyros, but often there are also magnetometers and altimeter 
sensors. An INS continuously tracks the kinematic states of the 
crafts position, velocity and craft attitude by integrating 
acceleration into velocity and position and angular rate into 
attitude. The performance of an INS output can be characterized 
as highly dynamic and the best integrity imaginable. The INS 
system is totally self contained and cannot be jammed. The down 
side of INS is that the error in output grows with time, also called 
drifts or unbounded errors. 

Another system that is of interest is Global Navigation Satellite 
System (GNSS). A GNSS uses time measurement of signals sent 
from several satellites and a triangulation technique called 
ranging, to calculate the craft position and velocity. The 
performance of GNSS is in many aspects complementary to the 
INS performance. GNSS has rather poor dynamics and poor 
integrity. The GNSS can intentionally or unintentionally be 
jammed (navigational terrorism and navigational warfare). 
However the strength of the GNSS is the accuracy and the fact 
that the errors are bounded, which have no drifts. 
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In military UAV application high integrity and high accuracy are 
often a requirement. One way to solve the issue of accuracy is to 
perform sensor fusion between INS and GNSS. This is often 
called an INS/GNSS Hybrid Navigation System (HNS). This 
system has the potential to have all desired characteristics such 
as highly dynamic and high accuracy, but the integrity is still 
questionable. In the case of jamming, the HNS will fall back in 
INS performance. 

To improve the navigation integrity of the HNS a third 
navigation sensor system must be introduced. The system of 
interest here is to use a down looking camera and perform a 
terrain-map matching localization, which is a method of terrain 
navigation. The characteristic of a terrain navigation system is 
close to those of a GNSS, bounded errors but poor dynamics. A 
terrain navigation system could also in some extent be 
considered to be self contained. However, this terrain navigation 
system can be jammed by blocking the camera sight with smoke. 
Poor visibility due to bad weather conditions could also have an 
impact, but at least the integrity characteristics is independent of 
GNSS and therefore the system can be considered to be 
redundant GNSS. 

1.2 Background Master Thesis 
To understand the potential to improve integrity and accuracy, a 
hybrid navigation system of a camera based terrain navigation 
system and inertial navigation shall be studied. The study has 
been divided into two parts or master theses - one that focuses on 
the terrain-map matching localization and one that focuses on the 
INS and Sensor Fusion. 

This master thesis report covers study of the terrain-map 
matching localization. 

Both Master theses have been carried out in cooperation with 
Saab Aerotech, Logtronics in Linkoping Sweden. 

To test the ideas a flight has been simulated. A fix wing UAV 
model has been made and is regulated through some waypoints. 
After the flight an INS system has been simulated and a video of 
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the flight has been created. The images of the video are taken on 
an ortonom photo of the ground over which the flight has been.  

1.3 Objectives 
The objectives for this Master thesis are to discuss the following: 

• Operative restrictions, such as which terrain is best for 
matching. 

• Which sensor reference is best to use (maps, ortonom 
photo, etc). 

• How does different sensor data matter? Such as weather, 
time of year, camera performance, footprint and camera 
attitude.  

• Which matching method is best? 
• How is the performance, robustness and integrity? 

1.4 Image processing 
As mentioned earlier there are two parts in this thesis. One is to 
do the matching between the video and a reference and the other 
is to give a flight trajectory and an ortonom photo, and then 
simulate a video.  

1.4.1 Simulation 

To be able to simulate a video, you also need to know how a 
camera works. It must also be known to take the matched points 
and obtain the position of the UAV. See Figure 1.1 for a block 
diagram of the simulation. 

 
Figure 1.1. Block diagram of the simulation part. 

Ortonom 
photo 

Trajectory Photo Video 
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The ortonom photo is an photo of the terrain. It needs to cover 
the whole trajectory to obtain a good video. 

The flight trajectory is simulated in the trajectory box. First some 
waypoints are decided. Then a trajectory is calculated, that shows 
how the UAV should fly through the waypoints and how the 
Euler angles, see appendix for an explanation of the Euler angles, 
should be to obtain the right performance of the UAV. The 
trajectory has the UAVs position and attitude angles at every 
time step. 

The photo box takes the photo that is used in the video. It asks 
the trajectory at which position the photo should be taken and 
how the image plane is rotated; the matrix R describes the 
camera attitude. See Figure 1.2 for a description of the camera 
geometry and what a footprint can look like. The Footprint is the 
ground that is in the image. 

 
Figure 1.2. The footprint and how the Euler angles affect the footprint. 

In the video box all the photos are put together to a movie, with a 
specified frame rate. Here are the frame rate 20 images per 
second.  

1.4.2 Matching 

An overview of the project that these two Master theses will 
handle can be seen in Figure 1.3.  
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Figure 1.3. Block diagram for the project in this theses. 

The video image box is the video that has been made in the 
simulation part.  

The reference part is what the video image should be matched 
with. This thesis uses an ortonom photo. But there can be other 
references too, such as a vector map. There does not need to be 
just one reference in the method there can also be combined 
references, such as an ortophoto and a vector map.   

The INS will provide the sensor fusion part with the data that 
comes from an INS, such as the position and the Euler angles. 
The INS has been simulated in these theses.  

In the sensor fusion box, the sensor fusion between the two 
navigational systems will be integrated. The matching will be 
done in a local coordinate system, so the sensor fusion will need 
to transform the coordinates that come from the matching 
algorithm. Then the new coordinates go out from the senor 
fusion and the coordinates will be transformed back to the local 
coordinate system.  

The matching block has different methods that have been 
implemented, see Figure 1.4 how the matching part is built. Two 

Estimated 
position and/or 
correlation 
image or 
corresponding 
points 

Video  
Image 

Reference 
(map/ 
ortophoto) 

INS 

Sensor 
Fusion 

Matching 
between the 
video and 
the reference 

HNS estimated 
position and 
attitude 
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different algorithms have been implemented, normalized cross 
correlation and position estimation through a homography. The 
position estimation through a homography can be divided into 
corner matching and blob matching.  

 
Figure 1.4. Scheme of the matching block in Figure 1.3. 

Cross-correlation is a method to measure similarity between two 
signals. In image processing, the brightening of the image and 
template can vary due to lighting and exposure conditions. Then 
the image can be normalized, by subtracting the mean value and 
divide with the standard deviation. To do the cross-correlation 
the template image slides over the image and gives out a 
correlation image. The best match of the image and the template 
is where the correlation is highest. The parameter that is sent to 
the sensor fusion is the correlation image. 

A homography is a transformation between two coordinate 
frames. The camera matrix P that is described in 2.1.3 is a 
homography between 3D points and 2D points. The homography 
is the mapping of points in one coordinate frame to another. To 
determine the position through a homography some interest 
points need to be found. Two ways to find interest points have 
been implemented, blob and corner detection. The points have to 
be found in both the reference and in the video image. Then 
putative matches are found to obtain which points are the same in 
the two images. When the putative matches have been found, the 
RANSAC algorithm is applied to obtain a homography. From the 
homography, the position of the UAV can be calculated, and the 

Matching between the video and the reference, here are 
the two implemented algorithms. 

Normalized 
Cross 
Correlation 

Position determination through a 
homography 

Corner 
detection 

Blob 
detection 
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parameters that are sent to the sensor fusion are the 
corresponding points between the world and the video. 

1.5 Limitations 
Some limitations and basic conditions were given for this Master 
thesis.  

• The ground is assumed to be flat. 
• The time of the year is daytime and summer. 
• The program should be written in matlab. 
• In this thesis the program should not be used on a UAV. 

The program should be run on recorded data. 
• The program knows the starting position of the UAV. 

1.6 Related work 
Here will some related work that has been done in this area be 
presented.  

1.6.1 WITAS 

WITAS was a project that was done between 1997 and 2005 at 
Linkoping University. It was focused on a UAV with a computer 
system that can take rational decisions regarding the future of the 
craft. The decision should be based on different kind of 
information. 

The craft should be able to do real time updates of estimated 
perspective by only using visual information and calculate the 
camera position and heading angle from the camera parameters 
and the perspective projection. It also do navigation by using 
blobs. And it should be able to track cars that are driven or stand 
still [3]. 

1.6.2 Integrated camera-based navigation 

In this study, the navigation is done using an INS integrated with 
a camera. They find landmarks in the image, which they believe 
they can find in the next image. They find a specific number of 
landmarks and then one disappears from the image they calculate 



 
 

8

a new one. They use the attitude angles and position from the 
INS to calculate where in the image the landmark should be. 
They also calculate with image matching were in the image the 
landmarks really are. The predicted position and the measured 
position in the image are used in a Kalman filter to estimate the 
INS error. The INS will also be reset after each time step [4].  

1.6.3 An integrated UAV navigation system based 
on aerial image matching 

In this report, they have a helicopter that uses an integrated 
camera and INS system for navigation. The camera has two 
different functions, visual odometer and image matching. The 
image matching is used through normalized cross correlation. In 
[5] are another method used in the image matching part, but then 
I talked to the author, he said that they now use normalized cross 
correlation. The visual odometer and the image matching and the 
INS data go to a marginalized particle filter. Out from the filter 
come the estimated position and the heading angle, roll and pitch 
angles are not used here, the camera is always looking straight 
down. The position and heading angle are sent to the visual 
odometer, image matching and the INS [5].  

1.7 Outline 
Chapter 2 describes the simulation part of the project and 
presents the camera geometry theory. How the camera matrix is 
calculated and how the image coordinates relates to the world 
coordinates. Finally one example what an image and its footprint 
look like in the video.   

Chapter 3 first explains the theory of the matching method and 
then explains how it is implemented. Like how the normalized 
cross correlation is done and how to get the camera matrix from 
corresponding points in the world and the image. The RANSAC 
algorithm, that is used to calculate the homography, is also 
explained.  

Chapter 4 presents the results from the implemented algorithms, 
and why the results have been as they have. 
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Chapter 5 is the discussion of the results in the implemented 
methods. The objects of the Master thesis should also be 
discussed. Even but there are not results that can strengthen the 
theories. 

Chapter 6 will give proposal of future work on the implemented 
methods. There will also be proposal on other methods that can 
be implemented. And at last there will be proposal on some test 
that have not been tested, such as different whether between the 
images or at least different set of data for the simulation and the 
reference image. 
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2  Video Simulation 
To simulate a video you will need to know something about the 
camera and the transformation between the world plane and the 
image plane. The instruments that are needed to make a video 
will be introduced in this chapter. 

2.1 The Camera parameters 
A camera has several parameters to describe the relations 
between the world and the image, and they are divided into 
external and internal parameters. The external parameters 
describe the transformation between different coordinate systems 
while the internal parameters describe the transformation 
between the image and the world. 

2.1.1 The external parameters 

The external parameters are the position and the attitude of the 
camera. The first thing to do is to describe the geodetic position 
D in the camera frame C. For that, the transformation between 
the geodetic and the camera frame is needed. The two frames are 
related through the rotation matrix C

GR , see 
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Appendix A for more information about the rotation matrix, and 
the translation vector G

GCt . This give that a point DG, which is 
defined in geodetic coordinates, expressed in camera coordinates 
DC is 

( )G
GC

GC
G

C tDRD =  

And with homogenous coordinates it is possible to describe the 
rotation and the translation in the same matrix.  

( ) ( ) ( ) 







=








−==
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G
C
CG

C
G

G
G
GC

C
G

C
G

G
GC

GC
G

C D
tR

D
tRRtDRD  

With this it is now apparent that there are eight external 
parameters that can be set. They are the translation vector that 
describes the position and the five attitude angles that describes 
the rotation matrix. The angles are the roll, pitch and heading that 
describes the UAV attitude and azimuth and elevation that 
describe the gimbals attitude, see appendix for more information.   

2.1.2 The internal parameters 

The simulated camera that is used here is a CCD-camera. A 
CCD-camera consists of a rectangular image grid of image 
sensors. The distance is not measured in meters but in pixels and 
the pixels do not need to be quadratics but rectangular. That 
means that it needs two parameters to describe focal length in 
pixels instead of meters. They are alpha and beta, where α = k *f 
and β = l *f, k and l are measured in pixels/m.  

The origin of the image is not in the middle of the image but in 
the lower left of the image. Then to describe the position of the 
principal point two more parameters are needed, u0 and v0. If the 
image has the size U x V, then u0 = U/2 and v0 = V/2. To get 
more generality a skew parameter s is added, but this parameter 
will be zero for the most cameras, as it is in this thesis. The 
internal camera matrix, K, is used to describe the transformation 
between the world plane and the image plane. The 
transformation looks like this: 
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( ) GDKd 0= , where 
















−

−

=

100

0 0

0

v

us

β
α

K    (eq. 2.1) 

Where DG and d are homogeneous vectors i.e. 
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Z

Y

X
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=

α
α
α

y

x

d . 

To get the inhomogeneous coordinates, divide the first two 
coordinates with the third one. Here is α a scale parameter.  

2.1.3 The Camera Matrix 

The internal camera matrix, K, describes how a world point, D = 
(X,Y,Z)T described in G,  transforms to a point d = (αx,αy,α)T in 
the camera plane, C. But that assumes that the origins of the 
world plane and the image plane coincide, so the transformation 
in (eq. 2.1) is needed. The camera matrix, P, is a composition 
between the internal camera matrix and the transformation 
between coordinates frames, C

GR  and G
GCt . The camera 

transformation is done like this: 









=

1

GD
Pd , where ( )C

GC
C
G tRKP =    

The camera matrix transforms homogenous vectors. It uses 
homogenous coordinates in both the world plane as in the image 
plane. To obtain inhomogeneous coordinates from the 
homogenous ones, the x and y coordinates are divided with the 
scale factor α. The inhomogeneous coordinates will then be: 










=

=

DP
DP

y

DP
DP

x

3

2

3

1
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Where P1, P2 and P3 are the rows in the camera matrix P. 

2.2 Making the video 
At the right in Figure 2.1 is an image that is taken with the 
simulated camera and at the left is the footprint where the image 
was taken. All the Euler angles are 0. The position of the camera 
was at 1000 meters height and the position is where the white 
lines cross each other. 

   
Figure 2.1. Left is the footprint of the image at right, all Euler angles 
are 0. Axis units in pixels. 

In Figure 2.2 you see an image and its footprint when the Euler 
angles are not 0. The position is the same as in Figure 2.1 and in 
the footprint image is it where the corner lines goes together. 

    
Figure 2.2. Left is the footprint of the image at the right. Where the 
Euler angles are: roll = 10o, pitch = 5o and heading = 45o. Axis units 
in pixels 
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When the trajectory is done the algorithm ask where the UAV is 
and what the angles are, and creates a picture at that place. When 
all the photos at different times and position are made they are 
put together to a video. 
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3 Matching theory 
This chapter shows the matching algorithms between a reference 
and an image.  

3.1 Normalized cross-correlation 
Normalized cross-correlation is not ideal since it is invariant to 
scale rotation and perspective distortions. But if it is possible to 
go around those things, normalized cross-correlation is a good 
approach for feature tracking. In this chapter first the theory is 
explained and then how it is implemented. 

3.1.1 Theory 

If we have two images A and B then the cross-correlation image 
C is defined as [8], [9]: 

( ) ( ) ( )∑ −−=
yx

vyuxByxAvuC
,

,,,  

With this formula the change in energy in the image can make 
the matching fail. And it is not invariant to changes in image 
amplitude such as changed lightning between the images. 
Therefore we remove the mean value from each image and 
divide with the standard deviation of the images. 

( ) ( )( ) ( )( )
∑

−−−−
=

yx BA

BvyuxBAyxA
vuC

,

,,
,

σσ
 

If we remove the mean value from the images so that 
( )( )AyxAA −=′ ,  and ( )( )ByxBB −=′ , . The correlation image 

can be computed in both the spatial and the Fourier domain as: 

( ) ( ) ( ) ( ) ( ){ }BFAFF
vyuxByxA

vuC
yx BA

′′=
−−′′

= −∑ *
,,

, 1

, σσ
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3.1.2 The model 

First the reference image is transformed to the image plane. To 
be able to get a match, the video image and the reference needs 
to be on the same plane. The transformation uses the same way 
as an image in the simulation part is done. That is done with the 
attitude angles and estimated position from the sensor fusion, 
with a standard deviation in position, so that the reference image 
will be a little bigger than the video image, that the sensor fusion 
calculates. The reference image is a little bit bigger than the 
video image. When the two images are in the same plane, the 
normalized cross-correlation algorithm is applied on the images. 
From the algorithm a correlation image is given. A matlab 
program calculate which way to calculate the cross correlation is 
the fastest, and then it do it that way. To get the position from the 
correlation image, it must be rotated with the heading angle and 
then translated with the height times the pixel size in meters and 
then divided with the focal length. The middle of the correlation 
image is the estimated position from the sensor fusion. The 
estimated position from the matching algorithm is there the 
correlation top is. 

3.2 Position determination through a 
homography  

When the position determination is done with a homography, 
some corresponding points are needed. The reference image is 
first transformed to the image plane, with the same technique as 
in the normalized cross correlation method. Then some interest 
points and putative correspondences are calculated, see chapter 
3.2.1 and 3.2.2 how this is done. Then the corresponded points 
are known, the reference points are transformed back to the 
world plane. That is because there is the correspondence between 
points in the image plane and the world plane that is needed, not 
between the image plane and the image plane. 
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Objective 

Compute the 2D homography between two images. 

Algorithm 

i. Interest points: Compute interest points in each image. 

ii. Putative correspondences:  Compute a set of interest point 
matches.  

iii. Normalization: Normalize the putative correspondences points, see 

Algorithm 3. 

iv. RANSAC robust estimation:  Repeat for N samples, where N is 
determined adaptively as in Algorithm 2 

a) Select a random sample of 4 correspondences and compute the 
homography H, see 3.2.3 how the computation is done. 

b) Calculate the distance d for each putative correspondence. 

c) Compute the number of inliers consistent with H by the number 

of correspondences for which d < t =  pixels. 

Choose the H with largest number of inliers. In the case of a tie 
choose the solution that has the lowest standard deviation of inliers. 

v. Optimal Estimation: re-estimate H from all correspondences 
classified as inliers, by minimizing the ML cost function using the 

Levenberg-Marquardt algorithm, see [1] for a detailed explanation 

of the Levenberg-Marquardt algorithm. 

vi. Guided matching: Further interest point correspondences are now 
determined using the estimated H to define a search region about 
the transferred point position. 

The last two steps can be iterated until the number of correspondences is 
stable. 
 
Algorithm 1. Automatic estimation of a homography between two 
images using RANSAC [1] page 123. 
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If the world is assumed to be flat, then we can remove one 
column from P. Therefore is it enough to calculate a homography 
that transforms 2D points to 2D points. The homography need to 
contain 9 entries, but is defined only up to scale [1]. The total 
number of degrees of freedom in a 2D projective transformation 
is 8, and each of the point-to-point correspondence accounts for 
two constraints. Since for each point xi, in the first image the two 
degrees of freedom of the point in the second image must 
correspond to the mapped point Hxi.  A 2D point has two 
degrees of freedom corresponding to the x and y components, 
each of which may be specified separately. Therefore it is 
necessary to specify four point correspondences in order to 
constrain H fully. Before the RANSAC algorithm is applied the 
points are normalized. See Algorithm 1 how the homography is 
calculated.  

• N = ∞, sample_count = 0. 

• While N > sample_count Repeat 

§ Choose a sample and count the number of inliers. 

§ Set ε = 1 – (number of inliers)/(total number of 
points) 

§ Set N from ε and table 4.3 in [1] at page 119 with p 
= 0,99. 

§ Increment the sample_count by 1. 

• Terminate 

Algorithm 2. Adaptive algorithm for determining the number of 
RANSAC samples [1] page 121. 

If the ground is not flat, then the camera matrix P must be 
calculated. And P has 12 entries and 11 degrees of freedom [1]. 
As before each point correspondences leads to two equations, a 
minimum of 5,5 such correspondences are required to solve for 
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P. The difference in Algorithm 1 for solving P instead of H is 
that it needs 6 point correspondences instead of 4.  

In this thesis, the ground is assumed to be flat, therefore are the 
homography calculated. From H can the position be extracted, 
see 3.2.5, and if it is P that has been calculated, the position can 
be extracted from it.  

Consider a set of points di. A scaled Euclidean transformation T 
is used to normalize the points. 

1. Calculate the centroid of the point set ( )∑
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5. Finally the normalized points are given by ii Tdd =
~

 

 
Algorithm 3. Data normalization with isotropic scaling, algorithm 3.1 
in [2] page 23. 

3.2.1 Blob matching 

Blobs are a way to detect interest points and features. Blobs are 
calculated in areas depending on the color of the area [6]. In this 
thesis have there been black and white images. The blobs have 
been calculated on grey scale. A center of mass of the blob and 
the shape of the blob are calculated. The blobs have 9 degrees of 
freedom, three for the color and one for the area of the blob, two 
for the centre of the blob and three for the shape of the blob. A 
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lot of blobs are calculated in the reference image and in the video 
image. The blobs that do not completely are inside the image are 
thrown away. See [6] for more information about blobs. 

When the blobs have been calculated in the video image and the 
reference image, the interest points are the centroid of the blob. 
To calculate the putative correspondences a voting scheme is 
created. If the colour difference between two blobs is above a 
threshold, then they are not a match. A grid is created in every 
blob, that have (0,0) in centre of mass and (1,0) at a point on the 
rand of the blob. Between every blob there the colour is similar, 
are the correlation between the grids calculated. From the 
correlation between the grids are the correspondences points 
taken.  

3.2.2 Harris corner detection 

In the other method interest points are found with the Harris 
corner detection algorithm, see Algorithm 4. 

Derivate the image with dx and dy, 
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• Create a Gaussian filter, g, of size 6*sigma. 

• Smooth the squared image derivates. 
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• Compute the Harris corner measure. 
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Algorithm 4. Harris corner detection algorithm. 
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The sigma value in the algorithm is usually between 1 and 3. 
Then the image cim is created to make non maximal suppression 
to just obtain one point at every corner. Non maximal 
suppression does that so if one pixel has a neighbor pixel that has 
a higher value, then that pixel is set to 0. That is because we only 
want single pixels in the corner image. 

Then apply a threshold on the image to make it binary. The 
threshold value should be about 1000, but I it does not work 
another value can be tried. When the corners in both images are 
calculated, generates putative matches between corners in both 
images by looking for points that are maximally correlated with 
each other within a window surrounding each point. Only points 
that correlate most strongly with each other in both directions are 
returned. 

3.2.3 Homography computation 

The Direct Linear Transform (DLT) is a way to determine H 
with a given set of four 2D to 2D point correspondences 

ii xx ′↔ . The transformation is given by ii Hxx =′ . The equation 
to determine H can be expressed in terms of the vector cross 
product as 0=×′ ii Hxx . If the j-th row of the matrix H is 
denoted by hjT, then we may write  
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Writing ( )Tiiii wyxx ′′′=′ ,, , the cross product is then 
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Since jT
ii

jT hxxh = for j = 1,2,3, this gives a set of three 
equations in the entries of H, which can be written as 
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These equations have the form of Aih = 0, where Ai is a 3 × 9 
matrix, and h is a 9-vector made up of the entries of H, 
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With hi the i-th element of h.  However of these three equations 
only two of them are linearly independent. Thus each point 
correspondences give two equations in the entries of H. Then 
will the set of equations be 
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  (eq. 3.2) 

These equations have the same form as before Aih = 0, but Ai is 
a 2 × 9 matrix here. See Algorithm 5 how the DLT algorithm 
works. 
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Objective 

Given n ≥ 4 2D to 2D point correspondences [ ii xx ′↔  ], determine 

the 2D homography matrix H such that ii Hxx =′ . 

Algorithm 

i. For each correspondence ii xx ′↔  compute the matrix 

Ai from (eq. 3.2). 

ii. Assemble the n 2 × 9 matrices Ai into a single 2n × 9 
matrix A. 

iii. Obtain the SVD of A (section A4.4(p585) in [1]). The unit 
singular vector corresponding to the smallest singular 
value is the solution h. Specifically, if A = UDVT with D 
diagonal with positive diagonal entries, arranged in 
descending order down the diagonal, then h is the last 
column of V. 

iv. The matrix H is determined from h as above. 

Algorithm 5.The DLT algorithm for computing a homography. 

3.2.4 Camera matrix computation  
If the ground is not flat then the RANSAC algorithm should 
calculate the camera matrix P instead of the homography H. The 
computation of P is very similar to the calculation of H (eq. 3.1). 
The only difference is the dimension of the problem. As in 3.2.3 
for each correspondence Xi  xi we derive a relationship  
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where each PiT is a 4-vector, the i-th row of P. 
From a set of n point correspondences, obtains a 2n × 12 matrix 
A by stacking up the equations for each correspondence. The 
projection matrix P is computed by solving the set of equations 
Ap = 0, where p is the vector containing the entries of the matrix 
P. The Algorithm 5 can be used in the calculation of the camera 



 
 

25

matrix. The change will be that there will need at least 5,5 
correspondences and the A matrix will be a 2n × 12 matrix.  

3.2.5 Homography to position 

The calculated homography can be viewed as 
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H  [7]. To get the position and attitude angles 

from the homography we first extract the internal camera matrix 
K. So that the homography is looking as this: 
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To find out the magnitude of α  we make use of the fact that the 
two first rows of H are vectors in an ON basis. This gives us the 

following:   
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These two variables should be equal if all calculations were 
correct and there were no measurements errors, but it is easier to 
use ( )2150 ααα += , . At this point we can not decide the sign of 
α , so the vectors n̂  and 0û  that will be computed can have the 

opposite signs. After the normalization with 1α  respectively 2α  
can the third vector in our ON basis be found.  
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The estimates of n̂ , û  and r̂  will be: 
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These values are then used to calculate the position p. Because of 
the camera orientation we might be forced to change the sign of 
them. As we know the earlier directions from the estimates of the 
attitude angles, we then have the directions 0n̂  and 0û . Then can 

we find the correct values of n̂  and û  as: 

( )
( ) uuuusign

nnnnsign
t

t

ˆˆˆˆ
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→

→

0

0 . 

When we now know C
GR  and azimuth and elevation known, the 

attitude angles can be calculated. ( ) ( ) C
G

C
K

K
B

B
G RRinvRinvR =  And 

as in Appendix A the angles are: 
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The third column in H is defined by: 
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That will give that the position in the world plane for the UAV, 
G
GCt ,  is equal to: 
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If the camera matrix has bas been calculated, can the rotation 
matrix C

GR  and the translation vector G
GCt easily be extracted. The 

camera matrix is ( )C
GC

C
G tRKP = , so to get C

GR  and G
GCt take P 

times the inverted internal camera matrix K-1. 
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4 Results 
Here the results of the three implemented methods will be 
presented. The azimuth angle has been 0 and the elevation angle 
has been -90 degrees. The camera will be looking straight out 
from the body of the UAV, so that if the Euler angles are 0, the 
camera will look straight down. The terms N and E will describe 
up and right in the ortonom photo. The resolution of the 
ortophoto is 1 meter per pixel, so an error of 10 meters is an error 
with 10 pixels in the ortophoto. 

4.1 Normalized cross correlation 
The correct position of the UAV is N = 3900 m and E = 3730 m  
on the ortophoto and all the attitude angles were 0 so the camera 
was pointing straight down. See Figure 4.1 where in the 
ortophoto the image is taken. 

 
Figure 4.1. The footprint of the video image that is used in this method. 

Axis units 
in pixels 
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The video image that was used in the normalized cross 
correlation method can be seen in Figure 4.2. It is a good image 
for this method with the road crossing the image. 

 
Figure 4.2. The Video image used at the normalized cross correlation 
method. 

Then in Figure 4.3 and Figure 4.4, are two different reference 
images, transformed to the image plane. In both those cases, the 
standard deviation is 50 pixels. The transformed reference image 
is then 600x600 instead of the video image 500x500 pixels. And 
in meters in the world plane, the height of the UAV is divided 
with the focal length of the camera multiplied with the pixel size 
in meters and at last multiplied with the standard deviation, in 
this case is it 33,21 meters. In Figure 4.3 there are no errors in 
position or attitude angle, the video image is the 500x500 image 
in the middle of this. 

Axis units 
in pixels 
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Figure 4.3. The reference image to the video image with no errors. 

In Figure 4.4 there are errors in both the position and the attitude 
angles. The video image doesn’t fit perfectly in this image as you 
will see later. The estimated position for the reference in Figure 
4.4 is N = 3910 and E = 3740, so the error is 10 meters north and 
10 meters east. And the Euler angles are 1 degree roll, 1 degree 
pitch and 4 degree heading. 

 
Figure 4.4. The reference image to the video image with some errors in 
position and attitude angles. 

Axis units 
in pixels 

Axis units 
in pixels 



 
 

31

In Figure 4.5 you will see the correlation image of the normalization 
cross correlation method with no errors. As you can see, there is 
perfect correlation in the middle of the correlation image. That is 
normal, because the image and reference are made of the same data 
set and there were no errors in the Euler angles. When you look 
where the correlation is the largest, and transform that position to the 
world plane you will obtain the estimated position of the UAV, in 
this case it will be the correct position as well. 

 
Figure 4.5. The correlation image with no errors. 

In Figure 4.6, the image in Figure 4.4 is used as the reference. As 
you can see there isn’t perfect correlation between these images; 
the maximum correlation value is lower and the top is more 
extracted. There is a lesser certainty where the UAV is. In this 
case is the estimated position after the matching algorithm N = 
3899 and E = 3730, so it is a 1 meter error in the north direction.  

Axis units 
in pixels 
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Figure 4.6. The correlation image with some errors in position and 
attitude angles. 

Figure 4.7 is a diagram of how large the error will be depending 
of the overlap between the reference and the video image. As can 
be seen in the figure, the error is 0 down to when just 45 percent 
of the images overlap. Then the error jumps around 200 meters. 
The jump depends on that there is one brighter top, where the 
correlation will be higher; see Figure 4.8 for the correlation 
image. The less that will overlap between the images, the more 
insecure the matching will be. In this case the limit was 45 
percent, but that will differ depending of the image terrain. But 
until that point the method was really good. With fewer images 
overlapping, the correlation image will get more tops that the 
algorithm will think is a good match, and the error of the position 
will grow. 

Axis units 
in pixels 
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Figure 4.7. Estimated position error relative the position error in the 
reference. 

 
Figure 4.8. Correlation image were the position error jumped in 
Figure 4.7. 
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To look at the position error relative some Euler angle error, 
Monte Carlo simulations were done. The roll and the pitch angle 
have the same form when it comes to the position error; the 
heading angle however has another form. 

To see how the position error changes relative to the heading 
error, 1000 Monte Carlo simulations were done. The standard 
deviation was 4 degrees and the mean value was 45 degrees. 
There was also a 1 degree roll angle. As can be seen in Figure 
4.9, for small errors in heading the position error is small. When 
the heading error grows, the position error is getting irregular. 
There are also no linearity between the heading error and the 
position error. 

 
Figure 4.9. Estimated position error relative heading error. 

In Figure 4.9 the 1000 Monte Carlo simulations are shown and 
the heading angle is 45 degrees. The standard deviation of the 
roll angle is set to 4 degrees and the mean value is 1 degree. The 
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roll error is as in Figure 4.10. As can be seen, the error is linear, 
the higher the roll error, the higher the position error.  

 
Figure 4.10. Estimated position error relative roll error. 

4.2 Position determination through a 
homography 

The results of the matching through a homography have been 
disappointing. The problem is to find interest points in both 
images. But if the point correspondences have been good, then it 
is a good method for matching.  

4.2.1 Blob matching 

The image that is used as a video image in this method is at 
position N = 2500 and E = 2500. And the Euler angles are 0. The 
results from the blob matching algorithm are not good. It 
depends on, as you can see in Figure 4.11 and Figure 4.12, that 
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the algorithm does not find the same blobs in the different 
images. The centre of mass of the blobs will not be at the same 
point and therefore the matching will be completely wrong. Even 
though the reference image just has a little error in the position, 
and the attitude angles are the same in both images, the results 
are poor. 

 
Figure 4.11. Blob image of the transformed reference image.Axis units 
in pixels. 

 
Figure 4.12. Blob image of the video image. Axis units in pixels. 

If the reference does not have any errors in position and attitude, 
then the most blobs will be the same in both images, see Figure 
4.13. Then the position will be almost without errors, in this case 
the position was N = 2499,56 and E = 2499,99.  
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Figure 4.13. Left: Blob image of the reference. Right: blob image of 
the video image. Axis units in pixels. 

Figure 4.14 shows the putative matches between the reference 
and the video image. The lines are the difference between the 
points in the reference image and the video image. In the left 
image there is no position error. And the most lines lies at the 
same direction and with the same length. Therefore it gets a high 
percentage of inliers, and as seen above the position estimation 
will be good. However on the right image the estimated position 
from the INS is N = 2510 and E = 2500 an error of 10 meters 
from the correct position. It is just a little position error, but the 
same blobs are not found in the video and the reference images. 
So the RANSAC algorithm does not find any good homography. 
The best homography it found had 6 inliers of 106 possibilities.  
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Figure 4.14. Left: Putative matches with no error. Right: Putative 
matches with a small error in position.   

4.2.2 Corner matching 

The correct position of the UAV is N = 3900 m and E = 3730 m  
on the ortophoto and all the attitude angles were 0 so the camera 
was pointing straight down, see Figure 4.1 where in the 
ortophoto the image is taken. The other way that has been 
implemented, to get interest points is the Harris corner detection 
algorithm. The sigma value in these results has been 1 and the 
threshold has been 1000. On the video image the algorithm gives 
the following points, see Figure 4.15. In Figure 4.16 the interest 
points in the reference image has been calculated. There are no 
errors in the reference image, and as you can see there are more 
interest points in the reference image than in the video image. 



 
 

39

    
Figure 4.15. Interest points in video image. 

 
Figure 4.16. Interest points in the reference image. 

In Figure 4.17 and Figure 4.18 the putative matches between the 
images have been calculated. There are as many points in the 
reference image as in the video image.  

Axis units 
in pixels 

Axis units 
in pixels 
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Figure 4.17. Putative matches from the interest points in the video 
image. 

 
Figure 4.18. Putative matches from the interest points in the reference 
image.  

Axis units 
in pixels 

Axis units 
in pixels 



 
 

41

In Figure 4.19 the putative matches from both the reference and 
video image are drawn with a line. In this case all the lines are in 
the same direction and with the same length. Then with the 
RANSAC algorithm a homography is created and the points that 
are classed as inliers are kept; here will all points be classed as 
inliers. To get the position, the method in 3.2.5 is used. The 
position was N = 3900 and E = 3730. So there was no position 
error in the estimated position. 

   
Figure 4.19. Putative matches and inliers then there are no errors. 

In Figure 4.20 the position calculated by the sensor fusion is N = 
3910 and E = 3740, a little error. As can be seen at left in Figure 
4.20, not all the putative matches are in the same direction and 
with same length. The RANSAC algorithm fits an homography 
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to the points and at right in Figure 4.20. The lines that have been 
classed as inliers are the only one left.  

   
Figure 4.20. Left: Putative matches with a little position error in the 
reference. Right: Inliers from the RANSAC algorithm on the putative 
matches. 

Then the method cannot find the right position in the matching 
algorithm, it is because of the same points are not found in both 
images, see Figure 4.21 and Figure 4.22 how the points can be 
with an error of two degrees in the heading angle. 



 
 

43

 
Figure 4.21. Interest points in the video image. 

 
Figure 4.22. Interest points in the reference image.  
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If there is an error in the Euler angles there would be some 
problems. The method does find different points in the different 
images and therefore the homography estimation will be poor. 
See Figure 4.23 and Figure 4.24 how the position error depends 
on the Euler angle errors. As can be seen the method does handle 
heading error a little bit better than it handles the roll error. In the 
video image there was no position error and the Euler angles 
were 0.  

Both figures has been made by 1000 Monte Carlo simulations, 
with the standard deviation 0,1 degrees in heading respective 
roll. In the figures every value that was over 100 has been set to 
100. That is because the RANSAC algorithm did not find many 
inliers, so the position can be anywhere. In Figure 4.23 75 points 
are 100 or above in the position error and in Figure 4.24 150 
points are 100 or above. The results are poor in both cases.  
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Figure 4.23. Position error relative heading error. 

 
Figure 4.24. Position error relative roll error. 
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As can be seen in Figure 4.25 the method does handle the 
estimated error in the reference quite well. There are no larger 
errors up to an error in the reference at 5 meters. The diagram 
has been made of 1000 Monte Carlo simulations with the 
standard deviation at 5 meters and the Euler angles are all 0.  

 
Figure 4.25. Estimated position error relative error in the reference. 
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5 Discussion 
In this chapter I will discuss the objectives in the Master Theses 
and the results from the implemented methods. All of them have 
not been investigated due to lack of resources. But from the 
experience of the results that have been done, will there be some 
theories about the objectives. 

5.1 Operative restrictions 
If you have a larger footprint, then you will get more information 
in the image. And with more information it is easier to get a good 
match. To get a larger footprint you can do two things, either 
change the camera or get the UAV on a higher altitude. If you 
change the camera to get a larger footprint, it will be more data 
in the image, and the data will be at the same resolution as 
before. And it will need more computer capacity to do the 
matching. But if you do not need a fast algorithm and it is 
possible to change the camera to get a larger footprint, then it can 
be a good idea. To get a larger footprint by changing the altitude 
can be a good way to a certain point. But when the altitude gets 
higher, the resolution of the image will be lower. So if you need 
a certain resolution then changing the altitude is not a good way 
to get a larger footprint. In real applications, it can perhaps not be 
possible to change the altitude of the UAV.  

Different terrain types are good on different matching methods. 
If you use line matching, then you would like to have distinctive 
lines and lines that do not change with the time of the year, for 
instance roads and sea shores. Fields can be ploughed different 
between years, so the lines from them might not be so good. But 
with the blob matching method urban terrain should be the best 
to match. That is because whole objects or terrain types will be 
needed to be in the image to get a good match. 

5.2 Sensor Reference 
It can be good to use different sensor references in different 
matching methods. And sometimes it can be good to combine 
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different sensor references. But to most methods I think that an 
ortonom photo is a good reference. One other thing that might be 
good to use as a reference is a vector map. A vector map is a map 
that is built upon polygons. And you can decide which polygons 
that you would like to have on the map. Especially with the line 
matching can the vector map be a good reference. To just use the 
polygons tcan make good lines in the image. It can be even better 
if you combine the vector map with the ortophoto, and do the 
line detection on the ortophoto and then use the vector map as a 
filter, to filter away the lines you don’t want to have.  

One other question is what type of ortophoto that is best to use. 
In this thesis has a black and white reference and a black and 
white video been used. Probably it is better to use colour 
ortonom photo if the video camera has colour image. In colour 
images there are more data that can be used to get a better match. 
But it will need more computer capacity and better cameras. 
Another type of reference is an ortonom photo in infrared.  

The images in Figure 5.1 and Figure 5.2 are taken at the same 
place but at different times. Figure 5.1 has been taken 1997 and 
Figure 5.2 has been taken 2007. As can be seen in the pictures, 
there have been some big changes in the terrain. Especially the 
fields have changed, so the lines and corners that can be found in 
the fields are not good to match. But there are also some things 
in the terrain that has stayed the same over the years, for instance 
the tree lines and the road in the bottom left of the image. Also 
what can be seen is that the changing in lightning and the change 
in the shadows between the images. The shadows will cause 
some problems in the matching methods.  

The normalized cross correlation method might be good between 
these two images, because the tree lines are still there and not 
much has happened in the woods. They should be dark in the 
both images, so the method should be able to handle the 
matching between these two images quite well. As there have 
been significant changes in the fields, there will be some more 
points that will not match. The most corners will be found at the 
tree lines, and they will be found in both images. But there might 
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be some bad points that will be found due to the shadows. But 
unfortunate could this not be tested, due to only one set of data.   

 
Figure 5.1. Sample of a black and white reference image. 

 
Figure 5.2. Sample of a colour reference image.  

Then there is the question of which resolution the reference 
image should have. Here the thing is the same as with the 
footprint, with higher resolution, you get more data and can 
hopefully do a better match, but the algorithm will be more 
computationally heavy. In the images above, the black and white 
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image has a resolution of 1m per pixel and the colour image has 
a resolution of 0,5m per pixel. In the figures below, the infrared 
image has a resolution of 0,5m per pixel and the colour image 
resolution is 1m per pixel. 

 
Figure 5.3. Sample of an infrared reference image. 

 
Figure 5.4. Sample of a colour image of the same area as the infrared 
image in Figure 5.3. 
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5.3 Sensor data 
In the implemented methods, the difference in sensor data 
matters, especially the grey scale in the image. All three methods 
use correlation, normalized cross correlation uses only 
correlation, but the corner matching and the blob matching also 
use it in its voting schemes. If the reference data is from a 
different time of the year or at a different time of the day than the 
video image, all three methods will probably fail to get a good 
match. Normalized cross correlation might work because of the 
normalization of the images. Therefore it can be an idea to 
normalize the images in the other methods as well. The time of 
the year would have a big impact on the implemented algorithms. 
There will especially be problem if it is winter with snow and the 
reference is from the summer. 

The weather will probably interfere on all the methods. If it is 
raining when the video is taken, when I believe that the matching 
will be hard to do. And if it is cloudy then will the ground 
sometimes disappear in the clouds. So the UAV will need to go 
down under the clouds. The sensor fusion will need to handle 
that there might not be a good match every time. And the 
weather will also interfere if it is sunny, because lightning in the 
image will be different and there will also be shadows that can 
interfere. Probably is the best weather on the day and with the 
sun is in the clouds but the UAV flying beneath the clouds.  

The camera does not need to be best camera on the market. The 
important thing with the camera is that lines and changes in the 
terrain will be visible in the video. The field of view does not 
need to be that big, but it cannot be too small either. With a 
larger field of view it will be easier to get a good match but more 
computer capacity will be needed. There cannot be too much 
noise in the video either; because much noise artefacts will make 
it harder to get a good match.  

If the camera is pointing straight down all the time there will be 
fewer errors in the attitude angles in the C

GR , and therefore there 
will be a larger chance for a good match. To do that, the gimball 
will need to compensate for the roll and pitch angle of the UAV, 
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so that the camera always is pointing straight down. If that works 
perfectly there will only be the heading angle to handle in the 
transformation. There will also be fewer distortions by hidden 
objects and it will also be less computationally heavy to do the 
transformation to the image plane. It will just be a scale for the 
height and a rotation with the heading angle. If this is not 
possible, the best is to get as small attitude angles as possible.  

5.4 The matching methods 
The blob matching algorithm has not been good for this 
application. But the other algorithms had quite good results on 
the data that has been available.  

One problem has been that there has only been one data set 
available, so the video simulation and the ortonom photo in the 
matching algorithms have been the same. The results might be 
better than if there had been different data sets available.  

5.4.1 Blob matching 

The results of the blob algorithm are not so good, which are 
dependent on many factors. The biggest reason is that the 
footprint that has been used was too small. As can be seen in 
Figure 4.11, only a part of the field is in the image and the blobs 
are placed differently in the reference and the video image. But 
in urban terrain there are many objects in the same image, when 
the blob matching algorithm can be good. If the footprint does 
cover whole fields, then the method will probably have better 
results.  

This method should work better in an urban terrain than it has 
worked here. The best for this method is to use a helicopter that 
flies on low altitude, as they have done in the WITAS project [3]. 
This method is not good on the objects that have been in this 
project but might be good in flying over urban terrain. 

5.4.2 Harris corner detection 

The results of the corner matching algorithm have been a little bit 
better than with the blob matching. It found the same points 
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when there was an error in the position but was quite sensitive 
for errors in the Euler angles. With an error in the Euler angles, it 
was difficult to find the same points in the video and in the 
reference image. The voting scheme was better in this method 
than the voting scheme in the blob method. One idea to get a 
better result is to narrow down the search area for the putative 
matches. Now the method look at the whole image, but an idea is 
to look only at an area as big as the standard deviation of the 
position. 

The method was pretty good when the camera was pointing 
straight down and there were only an error in the estimated 
position. That is because the points the Harris algorithm finds are 
the same in both images. There has not been any change in the 
view and the resolution between the reference and the video. 

As can be seen in Figure 4.15 and Figure 4.16 the most of the 
points the algorithm finds are where the terrain changes, for 
example the road. It can also be seen that there are not many 
points in the middle of the field, which is good. With a good 
voting scheme this method can be really good, but it depends on 
good estimations of the Euler angles. With a little error in the 
Euler angles the share of inliers will decline fast. This method as 
well as the blob matching will give out a position and some point 
correspondences that are classed as inliers.  

5.4.3 Normalized cross correlation 

Normalized cross correlation has had the best results of the 
implemented methods. As can be seen in Figure 4.7 the method 
handles the position error really well. With only about 50 percent 
overlap between the reference and the video, the error was 0. The 
good results are of course quite dependent on that there are 
exactly the same data in the video as it is in the reference. 

If there is a roll or pitch angle error, then the position errors is 
linear to the roll or pitch error, see Figure 4.10. With this method 
it is not possible to determine if the error is in the position or in 
the angles. Because that the correlation matrix only has 2 degrees 
of freedom and the roll and pitch angle with the position are 4 
variables. However if it is known that the only error is in the 
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position, the method will be really good. If the error is only in the 
roll and pitch angle, that error can be determined.  

With an error in the heading angle the position error will not be 
linear as it will with the roll error, see Figure 4.9. As can be seen 
the position error is dependent on the heading error. With a big 
heading error there will be a low correlation top and larger risk to 
get a bad match, the correlation max can be anywhere, see Figure 
5.5. If there instead of an angle error is an error in the altitude, 
then the position error will have the same characteristic as the 
heading error. 

 
Figure 5.5. Correlation image with a large heading error. 

This method will probably have some problems if the ground 
changes colour or if there are snow on the ground. Problems will 
also rise if there have been changes in the terrain such as fields 
that have been ploughed differently in the video and the 
reference. The method will probably handle changes in the 
lightning between the video and the reference well.  
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6 Future work 
Here are suggestions of future works will be presented, for 
example needs further work and what is needed to be studied 
more.  

6.1 Current methods 
A suggestion to improve the normalized cross correlation is to 
try to do the correlation from part of the image, instead of on the 
whole image. The algorithm should then be faster and it might be 
able to determine the roll and pitch error as well as the position 
error.  

One other thing that could be tried is to transform the reference 
with the same size as the video image at the estimated position. 
Then do transformation of the reference at different positions to 
get a correlation matrix at the world plane.  

A good voting scheme will need to be developed to determine 
the position with a homography. Now it uses the correlation 
between areas around points to get the putative matches. With 
changes in the world at different time of the year or other 
changes the terrain between now and when the ortophoto was 
made. Then correlation might not be the best way to find putative 
correspondences. Another way to get the putative matches has to 
be found. 

Future work on the blob matching can be to try it on urban 
terrain. 

6.2 Other methods 
One method that could be implemented is to combine line 
detection and binary correlation matching. Two different 
references should be used, an ortophoto and a vector map. For 
this to work the ortophoto and the vector map need to correspond 
with the variety of the terrain.  

One thing that should be about the same regardless of the 
weather and time of year are some lines in the terrain, such as sea 
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shores, roads and tree lines. Fields however can change over the 
year and look different from year to year, see Figure 5.1 and 
Figure 5.2. The theory is to implement an adaptive line detection 
algorithm on both the reference and the video image.  

A vector map is composed of polygons. Every element in the 
terrain is a polygon. Therefore it will be easy to draw a map 
containing just the elements that are interesting and therefore it 
could be good to use as a filter.  

When there are two binary images a vector map is used on the 
binary reference image, and the vector map will be used as a 
filter and save the lines that probably will be good for matching, 
such as lines from roads, sea shores and tree lines. The other 
lines, e.g. from fields, in the reference images will be ignored.  

Another thing that needs to be examined is if the line detection 
and filtering should be done before the transformation to the 
video plane or if the ortonom photo and the vector map first 
should be transformed to the video plane and the line detection 
applied afterwards. When there are two binary images correlation 
between the images should be done. The position of the UAV is 
where the correlation is the highest. There is no earlier work on 
this approach to solve the problem with a vector map, why it 
would be interesting to implement such a method. 

A method that might have been done before is to use the altitude 
information through stereo vision or altitude meters to obtain a 
position. The problem with this can be that the altitude data in 
the reference has a bad resolution, 50 meters per pixel, which can 
make the method very inaccurate. To use altitude data could be a 
good compliment to the other methods.  

A method that can be good to reduce the error that the INS 
produces is to do visual odometri. A number of interest points 
are found in the video image, and are tracked between frames in 
the sequence. When a feature disappears from the image a new 
one is calculated. The distance that the UAV has travelled is 
calculated between the frames. This can be done with a higher 
frequency than the image matching and could be a good 
compliment to minimize the drift in the INS.  
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6.3 Sensor data 
If the altitude of the UAV is doubtful, the error in altitude there 
can give an error in position as well. A way to solve this can be 
to transform the reference to different planes, where the altitude 
is changed between the transformations, and then look for were 
the correlation is the largest. From that correlation not only the 
position but also the altitude of the UAV is calculated. This can 
also be done for the Euler angles by transforming the reference to 
different planes with different Euler angles, and from there get an 
estimation of the Euler angles too.  

Comparing the results when using a black and white, an infra-red 
or a color ortophoto would be interesting. See Figure 5.3 and 
Figure 5.4 to see the difference between an infrared image and an 
ordinary camera. If an infrared ortophoto should be used as the 
reference, then the camera on the UAV needs to be infrared. If 
that is possible it can be a good alternative. A combination of 
different camera types that have different properties for detecting 
different terrain and therefore would complement each other is 
another field of interest. 

The methods need to be tested in different weather conditions, 
such as rain or snow, to get an apprehension if they still will be 
able to make good matches or if there will be too much noise. 
Another question is how the shades from trees will interfere 
when the lightning is different in the video than in the ortonom 
photo.   

If the reference and the video images are from different times of 
the year, the changes on the ground, such as snow or different 
color of the fields, may interfere with the matching algorithms 
and needs to be studied more to get an idea of the performance.  

The algorithms used in this thesis are to slow to run in real time 
applications. To be of use it is necessary to speed them up and to 
calculate the computer capacity that is needed. How often the 
sensor fusion part needs a match to perform properly is still 
unknown.
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Appendix  

A. The Rotation Matrix 
In this appendix the transformation between different coordinate 
systems will be dealt with. The transformation from geodetic to 
camera is the main transformation, but it can be divided into 
smaller transformations. The main part is to describe the 
transformation from the geodetic coordinate frame to the camera 
coordinate frame. The transformation between two coordinate 
systems is related to each other by a DCM. In this situation the 
same origin is used for the objects, which means that the 
transformation is a pure rotation around each axis. 

To do the transformation in the different direction, the inverted 
DCM is used. 

Transformation from Geodetic to Body 

The matrix B
GR  is a DCM to change coordinate system from 

geodetic frame to the body frame. For that the UAVs rotation 
against the Earth is necessary. A coordinate system is then 
attached in the body of the UAV and the rotation is described by 
the Euler angles roll, pitch and heading, see Figure A. 1 for the 
coordinate system.  
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Figure A. 1. The coordinate system attached in the body of the UAV 
[2]. 

The Euler angles that represent the UAV attitude are illustrated 
in Figure A. 1 and Figure A. 2. The roll angle is the rotation 
angle of the body around its x-axis, which is pointed in the 
forward direction. The pitch angle is the rotation in the y-axis, 
which is pointing out of the right wing, and the heading angle is 
the rotation around the z-axis, which is pointing through the floor 
of the body. Notice that ψ will be named heading, in other 
literature it may be referred to as true heading or yaw. 
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Figure A. 2. The Euler angles: roll(φ), pitch(θ) and heading(ψ) [2]. 

The DCM B
GR can be divided into three different DCMs, there 

coordinate frame A and E are used to present different steps 
when rotating with the three Euler angles roll, pitch and heading. 
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E
GR , the rotation around the z-axis with the heading angle, C

ER , 

the rotation around the y-axis with the roll angle and B
CR , the 

rotation around the x-axis with the pitch angle. See Figure A. 2 
for a more throughout explanation. 

( ) ( )
( ) ( )

















−=

100

0cossin
0sincos

ψψ
ψψ

A
GR  

( ) ( )

( ) ( ) 













 −

=

θθ

θθ

cos0sin

010

sin0cos
E
AR  

( ) ( )
( ) ( )
















−

=

φφ
φφ

cossin0

sincos0

001
B
ER  

Then to get B
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B
E

E
A

A
G

B
G RRRR =  

If B
GR  is known, the Euler angles can be calculated as: 
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Transformation from Body to Camera 

The transformation from the Body frame to the camera frame 
consists of two rotations K

BR  and C
KR . The first rotation is the 

gimbals rotation relative to the body of the UAV. It consists of 
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two angles, azimuth and elevation. Azimuth is the rotation 
around the y-axis and elevation is the rotation around the z-axis. 
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Then the rotation to get to the Camera plane is first 90 degrees 
rotation around the y-axis followed by a -90 degrees rotation 
around the z-axis.  
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So the transformation from Body coordinates to Camera 
coordinates, C

BR , is:  

C
K

K
B

C
B RRR =  

And the whole transformation from Geodetic coordinates to 
Camera coordinates, C

GR , is then: 
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