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Abstract

The primary objective of this thesis is to develop a method for the

offline generation of a map containing only Google Earth (GE) ren-

dered images against which an Unmanned Aerial Vehicle (UAV) is able

to localize using vision online. This eliminates the need for a manual

mapping flight and would allow the UAV to fly in new unseen areas

autonomously. The first part of this thesis presents a novel method

for localizing live UAV images against a collection of rendered and en-

coded GE images that is fast and has low storage requirements. The

second part of this thesis implements this new measurement into the

existing Visual Teach & Repeat (VT&R) system. This includes writ-

ing a script to generate a compatible map entirely offline, computing

the measurement in the VT&R pipeline, and using the measurement in

the localization optimization. We demonstrate the performance of us-

ing GE image-based measurements on a dataset of real UAV collected

images at six different times of day.
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Chapter 1

Introduction

1.1 Background and Motivation

Unmanned Aerial Vehicles (UAVs) are being used more and more in

a wide variety of outdoor applications, such as surveillance and re-

connaissance, agriculture monitoring, package delivery, and emergency

response, yet they remain primarily dependent on GPS for localiza-

tion. The disadvantage of a GPS-based localization system is that it is

susceptible to dropout, interference, and intentional jamming. Due to

safety concerns regarding GPS failure, UAVs are limited to line-of-sight

flights so that the operator is able to take over in case of failure.

Vision is often used as an additional sensor, or as the primary sensor

in GPS-denied environments, due to its low weight and fast computa-

tion; however, current vision-based methods are limited as well. Visual

Odometry (VO) is commonly employed, but still requires corrections to

prevent drift. Visual Simultaneous Localization and Mapping (SLAM)

is a common solution to the issue of drift, but its use on UAVs has been

primarily demonstrated in indoor environments or small areas [8], [31],

[37]. With a focus on providing capabilities for longer outdoor flights,

there is still much to be improved upon with UAV vision systems.

One system providing outdoor autonomous flight capabilities is Vi-
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CHAPTER 1. INTRODUCTION 2

sual Teach and Repeat (VT&R) [12]. This method generates a locally

consistent visual map on an outbound pass under manual or GPS con-

trol, and the UAV is then able to return autonomously along the path

without GPS using a stereo camera. The requirement for a mapping

pass is the largest downside to this approach. GPS or manual opera-

tion is required to generate the map limiting where the UAV is able to

fly. As well, because VT&R relies primarily on point-feature match-

ing (e.g., Speeded-Up Robust Features (SURF) [6]), the return pass

must be completed shortly after the outbound pass so that the light-

ing conditions along the path have not changed significantly. It does

not allow for the repeated traversal of the path using a map generated

much earlier.

A unique opportunity for outdoor aerial vehicles is the existence of

easily available databases of satellite images covering the entire globe.

Google Earth (GE) is one of the most accessible. In many areas, GE

has used the satellite images to generate a detailed 3D reconstruction

of the area. This reconstruction takes into account the 3D structures

of buildings, trees, and other objects, making it possible to render a

realistic image at any desired pose. In [27], the idea to replace the

manual outbound mapping pass in VT&R with a virtual pass in GE

was proposed.

The biggest challenge with this idea is finding a way to accurately

and robustly localize real live images captured from a UAV with the

artificial, reconstructed images rendered from GE in real time. Since

the satellite images used for the reconstruction were captured years

ago, there are differences with the live images in terms of lighting,

small object movement (e.g. vehicles, trailers), large structural changes

(e.g. building additions/demolitions), and unusual object reconstruc-

tion, particularly for non-rectangular objects like trees. This makes it
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difficult for feature-based methods to obtain accurate and robust results

in many cases.

Figure 1.1: Between the real images and the GE images there are differences in
colour and lighting, the movement, addition, or removal of smaller objects like cars
and trailers, and renovations to some of the buildings.

Proof of concept for the ability to match live images and GE im-

ages was demonstrated by Patel et al. [27] who developed a mutual-

information(MI)-based matching scheme. In their work, GE images

were rendered all around the desired flight path. MI was used to se-

lect the best initial GE match to the live image and a finer alignment

optimization was also conducted. This approach was computationally

expensive and would require storing thousands of full-sized images on

board the UAV. It was never fully integrated with the existing VT&R
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system and is not capable of running in real time.

In this thesis, we develop a new method to localize live UAV images

to pre-rendered images from GE that is fast and storage efficient. As

in [27], images are rendered around the desired flight path in GE. With

this novel method, an autoencoder is then trained on these path-specific

images to compress them to a much smaller vector representation. The

same autoencoder is used to compress the live image as well. The

compressed live image vector is compared to all nearby compressed GE

image vectors through an inner-product kernel. This results in weights

associated with each of the corresponding GE image poses. From these

weights, a localization for the longitude, latitude, and heading with

accompanying covariance is computed.

This method is described in detail in Chapters 2 and 3. Image

registration using this method has been demonstrated on a real UAV

dataset of images collected along a 1.1km path at six different times of

day covering several lighting conditions. In comparison with [27], we are

able to achieve the same accuracy performance on image registration

and run in 1% of the computation time with approximately half the

storage requirements.

The second half of this thesis integrates this new measurement into

the existing VT&R system. This includes generating a VT&R com-

patible teach pass using only monocular images and pose data from

GE automatically and entirely offline. The computation of the new

GE image-based measurement mentioned above is added into the C++

pipeline and used as an additional factor in the localization optimiza-

tion. This work is described in Chapter 4 and is demonstrated by

running the modified VT&R system using the offline generated map on

the real, multiple time of day dataset.
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1.2 Related Work

1.2.1 Aerial Image Registration

Aerial image registration typically takes a live downward-facing image

from a UAV and estimates the relative pose change to align it with a

georeferenced satellite image. Early works in this area looked at using

edge detection followed by image warping to find an optimal alignment

[11], or a combination of classical techniques with learned semantic

segmentation [24]. Both of these appraoches require the presence of

buildings or roads in the images and perform better at high-altitude

flights where more structure is present in the images. They suffer in

areas comprising mainly grass and trees.

Feature-based localization is the current standard for visual state

estimation. Traditional point features (such as SIFT [18], SURF[6],

and BRIEF[9]) have led to significant achievements in localization and

mapping systems. For example, features have been used to match street

view images to images captured from a ground robot [3] and a UAV

[19, 20]. This is achieved by first performing place recognition using

a visual bag-of-words technique and is followed by image registration

using Scale Invariant Feature Transform (SIFT) keypoints. However,

a disadvantage of low-level point-based features is that they often look

drastically different under different lighting conditions, seasonal change,

or between image modalities.

As an alternative to point-based features, some works have intro-

duced bespoke detectors that identify larger image structures. Instead

of applying the same generic descriptor to images from all locations,

Linegar et al. [17] and McManus et al. [22] curate a large bank of spa-

tially indexed detectors for distinctive visual elements. They achieve

this by collecting multiple images with a variety of appearances at a lo-
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cation, partitioning the images into tiles, and training SVM detectors

on each of the tiles. An iterative classification process removes non-

distinctive tiles that are consistently mislabelled and uses a geometric

consistency check to select distinctive patches in each of the images.

Learning-based methods for visual pose estimation have also been

increasing in popularity. When provided with enough training data,

a network is capable of learning to predict the global pose given a

single image within the training area as demonstrated with PoseNet

[16]. Networks are also capable of computing the relative pose change

between two images [23], [14]. The benefit of learning-based approaches

is that given enough training data, they should be able to learn to be

robust to changes in lighting and season; however, these approaches are

limited by the available training data. Real data is expensive to collect

and label, and synthetic data does not typically generalize directly to

the real world. An alternative is the use of unsupervised methods [41],

[40], [29], which have become more popular with self-driving and the

large datasets available.

Registering images of different modalities, such as GE images and

real images, poses an additional problem. It is difficult to match fea-

tures across modalities and training a network requires large quantities

of both types of images or a sim-to-real domain transfer. Mutual In-

formation (MI) is a measure of the mutual dependence between two

variables. In the context of images, it is maximized when the images

are correctly aligned and was initially used in the medical field to regis-

ter images of different modalities [35]. It has since been used in robotic

localization systems such as [32][25] to register live camera images to

images generated from 3D meshes. Most relevant to this thesis is the

work done by Patel et al. [27] where the optimal warping parameters

to maximize the MI between a georeferenced satellite image and a live
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UAV image were found. This method was able to achieve less than

3m and 3° root mean square error (RMSE) on real datasets collected

at various times of day; however, it is largely limited by the costly

computation and storage requirements. This method will be used for

comparison with the results in Chapter 3 and a more detailed back-

ground can be found in Section 3.2.1.

1.2.2 Visual Teach & Repeat

The Visual Teach and Repeat (VT&R) method [12] enables the long

distance autonomous, outdoor, aerial navigation in GPS-denied envi-

ronments. VT&R is a system by which a robot is capable of long-range

autonomy using a stereo camera as its sole sensor. For the teach pass,

the robot is manually driven over a desired path while constructing

a local topologically connected map. The robot is then able to au-

tonomously repeat this path by localizing to the pre-built map. By

repeating the path over gradual changes in experience (e.g., lighting

conditions, seasonal variations, etc.) the map can be extended to allow

for more robust localization performance in varying conditions [28].

The VT&R system has been successfully adapted for use onboard a

multirotor UAV to allow for the completion of autonomous emergency

returns in the case of GPS failure [36]. The UAV flies out under GPS

or manual control and is able to return along the same path if GPS

fails using the onboard camera. This approach is limited as a GPS or

manual flight is still required for the outbound pass, and in the case of

emergency, the UAV must return along the same path it flew out on

even if a shorter return route exists. The ability to localize to existing

map images, which is the main focus of this thesis, would allow the

UAV to autonomously fly routes that have never been flown before.

A more detailed explanation of the VT&R system and how it has
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been modified for use on a UAV can be found in Section 4.2.

1.3 Contributions

The main contributions of this thesis are:

• An autoencoder trained purely on GE images for a specified path

that is capable of encoding never before seen real images along the

same path into a low-dimensional vector. This allows for the effi-

cient storage and comparison between real images and GE images.

The development and performance of this network is detailed in

Chapter 2.

• A method using this trained autoencoder to generate a codebook

of georeferenced satellite images and match a live image to this

codebook through inner kernel computations to obtain a localiza-

tion measurement with covariance. The methodology to compute

this measurement and its performance on real data is detailed in

Chapter 3. Along with contribution #1, this work resulted in the

following journal paper:

Mollie Bianchi and Timothy D. Barfoot. UAV Localization Using

Autoencoded Satellite Images. IEEE Robotics and Automation

Letters (RAL), 6(2):1761–1768, 2021. doi: 10.1109/LRA.2021.3060397.

• A script to automatically generate offline a VT&R compatible map

provided only with a set of path coordinates, GE rendered images

at the specified coordinates, and the encoded GE reference images.

The development and explanation of steps performed by this script

are detailed in Chapter 4.

• Modifications to the VT&R pipeline adding the computation of

the GE image-based measurement to the localization pipeline and
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adding this measurement as an additional factor in the localization

optimization. The development and the evaluation of the modified

VT&R system on a dataset of real UAV images at six different

times of day is detailed in Chapter 4.



Chapter 2

Autoencoding Satellite Images

2.1 Introduction

One of the unique opportunities of working with aerial vehicles is that

large databases of high-resolution satellite images exist for much of

the world and are easily accessible. One of these databases is Google

Earth (GE). In addition to planar satellite images, GE has used the

satellite images to create 3D reconstructions of many areas. Images can

be rendered at any location, altitude, and orientation in one of these

3D reconstructed areas and the result is an image manufactured from

multiple satellite images that takes into account the geometry of the

scene. This is ideal for lower-altitude flights where planer assumptions

break down since the height of buildings is significant compared to the

UAV altitude and causes a parallax effect as the UAV flies.

Due to computation and connectivity constraints onboard the UAV,

it is not feasible to render images from the GE reconstruction as the

UAV flies. Therefore a map of these images must be created offline

and loaded onto the UAV. One of the limiting factors of [27] was the

large storage requirements and lengthy computation time required to

process thousands of full-size images. A method was needed that could

compress the images to a much smaller representation but still retain

10
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enough information that the compressed representations could be used

to match between the live and GE images. Autoencoders are neural

networks commonly used for the compression of images and were se-

lected for this task.

Exploiting the idea of place-specific excellence, we focused on train-

ing a specific autoencoder offline for each flight path. In order to do

so, images are rendered offline in GE all around the desired flight path

and are then used as training data for the autoencoder. After training,

the autoencoder is able to generalize and successfully compress never-

before-seen live images. The next step after generating a codebook of

compressed GE reference images is to develop a means of matching

the encoded live image to these reference images, which is the focus of

Chapter 3.

This chapter is organized as follows. First, we provide some back-

ground on autoencoders and how they are typically used. Then, we

discuss the procedure for rendering the images from GE, the network

structure selected, and the training regime. We conclude with the per-

formance and some areas for future work.

2.2 Background and Related Work

An autoencoder typically refers to a neural network containing encoder

and decoder sections. The input is fed into the encoder part of the

network which compresses it down to a lower-dimensional vector. This

encoded vector is provided as input to the decoder network. The de-

coder then upsamples from this vector to result in a final output that

is the same size as the original input. Typically images are used as the

input. By training to minimize some loss function between the original

image and the reconstructed image, the network can learn to retain
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the key features in the bottleneck vector. If desired, an additional loss

function can be implemented on the compressed vectors to encourage

them into following a selected distribution.

Many works use an encoder to compress the original images and

then perform computations with the vector representations. For exam-

ple, Hou et al. [15] use a deep feature consistent loss function during

training to learn to encode facial images. They then linearly combine

the vectors and decode to generate images with new or mixed facial fea-

tures. There has been a lot of work on autoencoders, including trying

new loss functions [30], adversarial autoencoders [21], and combining

autoencoders with neural autoregressive models [10].

Similar to our work, Sundermeyer et al. [33] use an autoencoder

to generate a codebook of images rendered in simulation at various

6DoF poses around an object. They then encode a real live image of

the object and match it against the codebook to get an estimate of the

object’s pose. They use a generalized version of a denoising autoencoder

[34]. A denoising autoencoder adds random artificial noise to the input

image, but the reconstruction target is kept noise free. They show that

this training regime enforces invariance against noise and also different

input regimes, which aids in the transfer from sim to real data.

2.3 Rendering Google Earth Images

Given a desired path, images are rendered from GE [1] at the intended

orientation every 0.5m along the path. Additional images are rendered

at 0.5m lateral offsets out to 5m on both sides of the path. This requires

42 images for each meter of the path. This coverage could be modified

based on expected performance of the UAV. For example, if the UAV is

expected to operate in windy conditions more images could be rendered
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further from the path. Regardless, this leads to a high number of images

for non-trivial path lengths. Storing and comparing these images in full

size would be infeasible. The next step and key aspect of this method

is to use an autoencoder to compress the images to a low-dimensional

representation while maintaining the key features of each image such

that comparisons with an encoded live image yield sensible results.

2.4 Network Structure

The autoencoder architecture is based on [15] as implemented in [2].

The input is a 320�160 greyscale GE image. The encoder is composed

of six layers. Each of the first five layers performs a 2D convolution with

a kernel size of four and a stride of two followed by a batch normaliza-

tion layer. The number of channels doubles as indicated in Figure 2.1.

Finally, a linear layer maps the output of the final convolution layer to

the bottleneck vector. Different sizes were experimented with for the

dimension of the bottleneck, but a bottleneck of dimension 1000 was

decided upon as it was the smallest size that could still achieve the

desired accuracy.

The decoder part of the network behaves opposite the encoder. A

linear layer first maps the bottleneck variable to 1024 channels. This is

then passed to the first of five layers, each of which performs upsampling

by a factor of two, followed by convolution with a kernel size of three

and stride of one, and batch normalization. The number of channels

is halved in each layer until an output greyscale image with the same

dimensions as the input image is generated. To obtain the compressed

image vector, the output after only the encoder part of the network is

used.
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Figure 2.1: The encoder network has five convolutional layers each followed by a batch
normalization layer. The number of input channels, output channels, and stride is
indicated in parentheses. The final layer of the encoder is a linear layer producing
a 1000 dimensional vector. The first layer of the decoder network is a linear layer
mapping the bottleneck vector to 1024 channels. There are five more layers, each
of which performs upsampling by a factor of two, followed by convolution and batch
normalization. An L2 loss function is used between the reconstructed image and the
original image as well as between outputs of corresponding layers in the encoder and
decoder.
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Figure 2.2: The training and validation errors, orange and blue respectively, decrease
when training with or without skip losses. However, the errors on samples from two
real datasets, red and green, decrease more when training with skip losses.

2.5 Training

The autoencoder is trained solely using the precollected images from

GE for a specific desired path. A new autoencoder would need to be

trained for each path. Since only the GE images are used for training,

this step can be completed entirely offline before ever flying the path.

The loss function used to train the network is a combination of

photometric L2 loss between the input and output images, i.e., L =

(Iinput � Ioutput)
2, and L2 loss between the outputs of corresponding

layers (referred to as skip losses). These skip losses help each layer of the

decoder to learn to perform the opposite of the corresponding encoder

layer. These additional skip losses are weighted with a value of 0.01

and were found to improve performance on the real image validation

sets.

For the path used in the experiments, the network was trained with

approximately 48,000 images. The network was trained for 20 epochs

with a learning rate of 1e-4. On an Nvidia DGX Station using a single

Tesla V100 GPU training took around 20 hours to complete.




