Aerial SLAM algorithm
with global alignment using satellite imagery

Jakub Karbowski' , Bartosz Bartoszewski’ , Daria Kokot> ,
Michat Jan Kwiecien* @, Tymoteusz Turlej*

! AGH University of Krakow, Faculty of Computer Science, Krakow

2 AGH University of Krakow, Faculty of Electrical Engineering, Automatics, Computer Science
and Biomedical Engineering, Krakow

> AGH University of Krakow, Faculty of Physics and Applied Computer Science, Krakow

* AGH University of Krakow, Faculty of Mechanical Engineering and Robotics, Krakow

Abstract: Simultaneous localization and mapping (SLAM) algorithms can be used in aerial
vehicles with a down-facing camera for navigation and terrain mapping. However, they suffer
from an incremental position error. Each neighbouring image pair match introduces an align-
ment error which accumulates to a global position error proportional to the map size. By using
a reference satellite image map this error can be reduced to a constant factor. This work propo-
ses a novel image alignment algorithm called Embed Match which can be applied to any SLAM
algorithm. Embed Match uses a neural network to represent a map region as a field of embed-
ding vectors which are a semantic representation of the area. By comparing the embedding
fields of a satellite image and the camera image, an alignment function is defined. Maximising
this function leads to image alignment. The proposed algorithm shows a radically different ap-
proach from keypoint-based alignment methods which usually struggle with matching drastically
different images, such as satellite and real camera images.
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ALGORYTM AERIAL SLAM Z GLOBALNYM USTAWIENIEM
PRZY UZYCIU ZDJEC SATELITARNYCH

Streszczenie: Algorytmy symultanicznej lokalizacji i mapowania (SLAM) moga by¢ stosowane
w pojazdach powietrznych z kamera skierowana w d6t do nawigacji i mapowania terenu. Jednakze
wystepuje btad inkrementacyjny pozycji. Kazde dopasowanie sasiedniej pary obrazéw wpro-
wadza btad wyréwnania, ktéry wplywa na btad globalnej pozycji proporcjonalnie do rozmiaru
mapy. Korzystajac z referencyjnej mapy obrazéw satelitarnych, ten blad mozna zredukowad
do statego wspolczynnika. W tej pracy proponowany jest nowatorski algorytm wyréwnywania
obrazéw o nazwie Embed Match, ktéry moze by¢ stosowany do dowolnego algorytmu SLAM.
Embed Match wykorzystuje sie¢ neuronowa do reprezentowania regionu mapy jako pola wekto-
réw osadzania, ktore sa semantyczng reprezentacja obszaru. Poréwnujac pola osadzania obrazu
satelitarnego i obrazu kamery, definiuje si¢ funkcje wyréwnywania. Maksymalizacja tej funkcji
prowadzi do wyréwnywania obrazu. Proponowany algorytm stanowi radykalnie inne podejScie
niz metody wyrdwnywania oparte na punktach charakterystycznych, ktére zazwyczaj maja trud-
nosci z dopasowywaniem si¢ do drastycznie réznych obrazow, takich jak obrazy satelitarne
i rzeczywiste obrazy z kamery.

Stowa kluczowe: SLAM, nawigacja satelitarna, mapowanie, sie¢ neuronowa
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1. Introduction

SLAM algorithms play a vital role in the field of aerial robotics by providing real-
time localization and constructing maps of the environment using internal sensor data
(Gupta and Fernando 2022). SLAM algorithms not using external reference informa-
tion such as pre-loaded maps exhibit an incremental mapping error, which accumu-
lates over time and adversely affects the accuracy of the constructed maps. This accu-
mulated error becomes particularly critical in scenarios involving extensive map
coverage, long-distance navigation, and tasks reliant on global spatial relationships.

Most advances in SLAM algorithms are related to the reduction of this error.
SLAM algorithms can utilise many different sensor types. Of particular interest are
visual SLAM algorithms, which can be divided into visual-only, visual-inertial and visual-
depth systems (Macario Barros et al. 2022).

SLAM algorithms incrementally build and refine a map of the environment.
When new sensor data such as a camera image is collected, it is used to update the
map. First, an estimate of the robot’s position is used to roughly align new sensor data
with the current map. Next, the new data is locally aligned with the nearest map fea-
tures. Finally, a global alignment procedure takes into account features of the entire
map created up to this point in time to perform long distance alignment and loop clos-
ing. Without the global alignment step, each local alignment of new sensor data would
introduce an incremental error to the map. Loop closing helps reduce this error, as
long as the robot visits the same position many times. However, the global position
error of each point in the map is proportional to the size of the map. This kind of
error cannot be eliminated without external reference data. A SLAM algorithm with
loop closing, assuming robust operation, guarantees a relative positioning error be-
tween two map points that is proportional to the distance between these points.
An ideal system would guarantee a constant positioning error, independent of the rel-
ative position of two points. If this error is measured in relation to a global frame of
reference, such as the Earth, the system could be used to replace external global posi-
tioning systems.

The primary objective of this study is to introduce a novel approach that re-
duces the incremental positioning error to a constant factor, particularly focusing
on top-down aerial SLAM algorithms (Avola et al. 2019). The proposed algorithm
is described as a standalone component which can be used to align the map in any
SLAM algorithm.

Traditional methods for image alignment often rely on detecting and matching
characteristic keypoints, accompanied by complex feature descriptor computations
(Bay et al. 2006, Rublee et al. 2011). However, these methods face challenges when
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dealing with images from different sources that exhibit visual disparities due to varying
lighting conditions and camera characteristics. Moreover, such methods tend to
be computationally demanding and may require distinct, visually characteristic points
in the image.

The proposed Embed Match algorithm uses image embeddings generated by
a neural network. These embeddings encode the semantic content of a given map re-
gion and enable alignment across domains, irrespective of lightning conditions and
camera characteristics. A similar method is used in the SuperPoint algorithm (Quach
et al. 2021) and HFNet-SLAM (Liu et al. 2023). These algorithms focus on detecting
high quality keypoints that can be used for matching images from different sources.
Embed Match does not detect individual keypoints but instead considers the entire
image as a dense field of embedding vectors.

In summary, this paper introduces the Embed Match algorithm as a novel solu-
tion to the challenge of global alignment in aerial SLAM algorithms. By using neural
network-generated semantic embeddings, Embed Match offers a new approach that
holds promise for enhancing the accuracy and applicability of aerial mapping and nav-
igation tasks.

2. Methods

2.1. High level proof of the algorithm

Embed Match works alongside an external SLAM algorithm. The goal of Embed
Match is to guarantee a constant relative position error between any two points on
the created map. The map is represented by a point cloud where each point is associ-
ated with an image taken by the aerial vehicle at that position. To simplify the
proof of the algorithm’s correctness, we consider a 1-dimensional SLAM problem.
Let xieal and xést be the actual and estimated positions of image point i. We want to
guarantee that:

deo, Vi

xllreal - xést < €em (1)

holds true even when new points are added to the map. We call e, the Embed
Match error. We define the EmbedMatch(i) procedure which, given an image point i,
adjusts x(g so that:

xéeal - xést <é€em (2)
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The limitation of EmbedMatch(i) is that it requires the initial condition:

x;eal - xést < €max (3)

where e, is the maximum Embed Match error — the maximum allowed divergence of
the image point being aligned. The EmbedMatch(i) procedure shall be described
later. Next, we assume the existence of a LocalAlign(i, j) procedure, which aligns neigh-
bouring image points i and j. Such a procedure is provided by the SLAM algorithm
used alongside Embed Match. In the case of ORB-SLAM3 (Campos et al. 2021), it is
the matching algorithm using the ORB feature descriptor (Rublee et al. 2011).
LocalAlign(i, j) assures that:

<€oc (4)

i A |
Xreal — Xreal Xest — Xest

for neighbouring points i and j, where ej,. is the local alignment error. Using
LocalAlign(i, j) for a sequence of neighbouring image points accumulates e, over the
length of the sequence. This accumulation results in a position error that is proportion-
al to the size of the map, and is the main problem solved by Embed Match.

Initially, the SLAM algorithm collects the xgst origin point estimate. If the
robot’s global starting position x?eal can be estimated with an error less than e,
EmbedMatch(0) can be used to assure that:

0 0
Xreal — Xest

<o )

Next, let us consider a generic point i that is initialised to point 0. For this point,
Equation (2) is initially satistied because of Equation (5). The robot now collects
the next image point xé:tl = xést. Since this point will be neighbouring with point i,
LocalAlign(i, j) can be used to satisfy Equation (4). From Equations (2) and (4), it fol-
lows that (omitting exact steps for brevity):

J J
Xieal ~—Xest| < €em T €loc (6)

which is simply the accumulation of the Embed Match error and the local alignment
error. Under the condition that:

Cem+ €loc < Cmax (7)

EmbedMatch(j) can be used to satisfy:

xﬁeal - xést <€em (8)
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This method can be used to satisfy Equation (1) by being applied to each image
point in the sequence of collected sensor samples.

2.2. Embed Match procedure

The Embed Match procedure is used to align the input image to a global frame of
reference. It works by maximising the satellite alignment score of the input image. The
satellite alignment score is defined as a function of the estimated latitude and longi-
tude of the input image. Given an input image and a latitude and longitude, the score
is the mean patch similarity between the input image and the corresponding satellite
image taken around the given latitude and longitude. The real-world size of the area
represented by the input image is assumed to be known. It can be computed from
the altitude of the camera and its focal length. To compute the mean patch similarity
between two images, both images are divided into overlapping patches with a moving
window technique. The moving window size and stride are hyper-parameters of Em-
bed Match and depend of the used camera setup. For images with a resolution of
512 x 512 pixels, a window of size 128 pixels and stride 32 pixels was chosen empirical-
ly. After obtaining image patches, the mean embedding alignment (MEA) score is
computed between pairs of corresponding patches. The MEA score is used as the sat-
ellite alignment score, taking values from -1 to 1.

2.3. Mean embedding alignment score

The MEA score is the core idea behind Embed Match. It is a measure of alignment
between two images. For each patch in the input images, an embedding vector is com-
puted with a neural network, in this case the OpenAl CLIP model (Radford et al. 2021).
This process is illustrated in Figure 1. The MEA score is the mean of cosine similarity
metrics between pairs of corresponding patch embeddings. If two patches show the
same area, the cosine similarity of their embeddings will be close to 1. As the patches
become more distinct, the cosine similarity approaches —1. The choice of an embed-
ding neural network has significant effects on the quality of MEA. The CLIP model
produces embeddings which are spatially-invariant. Spatially-invariant embeddings
can only be used with a small patch size because embeddings of larger patches are less
sensitive to small translations of the image. Since CLIP is trained with a text-based
contrastive learning objective, its embeddings encode a general description of a given
patch. With a smaller patch size, two neighbouring patches will have distinct contents
which is used to guide image alignment.
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Fig. 1. Representing images with Embed Match

2.4. Maximising mean embedding alignment

Since the MEA is defined as a pure function of two variables, many numerical
optimisation algorithms can be used. Embed Match assumes a maximum Embed
Match error e, Therefore, Bayesian optimisation could be an efficient method
to optimise MEA as a Gaussian process. With the assumption that the area within e,
of the global maximum of MEA contains only one maximum, a gradient descent
algorithm is used instead. The function gradient is approximated with the symmet-
ric difference quotient. The discrete step 4 is a hyper-parameter of Embed Match de-
fined proportionally to the size of the input image. With a step of 10%, the MEA is
sampled at a position translated by 10% of the image size. After numerically comput-
ing the gradient with regard to the estimated latitude and longitude, a gradient descent
iteration updates the position estimate. When the MEA stops increasing, the learn-
ing rate of gradient descent is halved. This iterative process is repeated for a fixed
number of iterations. The result of the process is the latitude and longitude with the
highest MEA score.

3. Experiments

Measuring the effectiveness of Embed Match when paired with an actual SLAM
algorithm is out-of-scope for this work. Such an application is explained by the proof
illustrating the intended usage of Embed Match. Instead, we focus exclusively on
the image alignment procedure which is the core component of Embed Match. The
model used for generating embeddings is the OpenAl CLIP ViT base variant with
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a patch size of 32 (not to be confused with the Embed Match sliding window
patch size). The experiments were carried out based on custom data collected with
a DJI Mavic Zoom quadcopter.

3.1. Visualising patch embeddings

The first experiment is meant to provide insights into the quality of the embed-
dings used for alignment. Two example images are used for the experiment. One
is a satellite map image from the mapy.geoportal.gov.pl service and the other is a photo
taken by a DJI Mavic Zoom quadcopter of the same area from an altitude of 100 m.
The images are split into patches according to the Embed Match algorithm and patch
embeddings are computed. The embeddings are reshaped into a 3-dimensional tensor
where the third dimension is the embedding vector of one patch. The embeddings are
processed with primary component analysis (PCA) to produce an RGB image. Bicubic
interpolation is used to visualise the image. The resulting images can be interpreted as
a semantically-compressed version of the source images.

3.2. MEA convergence

The MEA score is intended to be the highest when images are perfectly aligned.
This assumption is tested by computing the MEA between a source image and target
images translated by values taken from an even grid of points. A grid of 5 X 5 cells with
a cell size of 5 m is created around the true geographic origin of the input image. This
erid of MEA scores is visualised as a 3-dimensional surface showing whether the MEA
has a correct global maximum.

3.3. Image alignment

Finally, the entire Embed Match procedure is used to align a real drone image
with a satellite map reference. The path taken by the gradient descent algorithm is
analysed, as well as the observed values of MEA. The final image alignment result
is visualised. This experiment shows the intended usage of Embed Match alongside
a SLAM algorithm.

4. Results

The quadcopter drone image and the corresponding satellite image used for the
experiments are shown in Figure 2.
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Fig. 2. Comparison of drone (a) and satellite (b) images of the same area

4.1. Visualising patch embeddings

Figure 3 shows side-by-side the patch embeddings generated with images from
Figure 2. Both PCA-reduced images contain visually similar areas. The content of the
source images differs greatly since one was taken years before the other. Many objects
have been moved, some have disappeared, and some have been added. Even though
the images come from completely different sources, their embeddings are similar.

a) b)

Fig. 3. Comparison of drone (a) and satellite (b) image embeddings

4.2. MEA convergence

Figure 4 visualises the MEA score as a 3-dimensional function of latitude and
longitude. The global maximum of MEA is in the middle, corresponding to the actual
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global position of the image being aligned. No other local maxima can be seen, and the
function has a smooth surface. This validates the use of gradient descent and shows that
the MEA correctly assigns the highest value to the place of perfect alignment.

; I‘ 0.835
T0.830
r0.825
T0.820
r0.815
F0.810
10.805
~0.800

Fig. 4. Visualisation of the MEA score function

4.3. Image alignment

Figure 5 shows the results of Embed Match image alignment. The procedure be-
gins with the actual drone image and an initial guess of the latitude and longitude.
After ten iterations of Embed Match, the image is correctly aligned. The iterative
progress of Embed Match is depicted in Figure 6, illustrating the path traversed by the
algorithm. After a few initial large steps, the algorithm converges on the global maxi-
mum of MEA. Figure 7 shows the value of MEA at each iteration of Embed Match.

a)

Fig. 5. Aligning images with Embed Match: a) initial guess; b) aligned; c) actual
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Fig. 6. Path taken by Embed Match
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Fig. 7. Optimising MEA with gradient descent

5. Discussion

The results show that Embed Match successfully aligns drone images to a satellite
map. The visual similarity of PCA-reduced embeddings can be questioned. Since PCA
performs a reduction from 512 embedding features to 3 RGB values, most of the infor-
mation is lost.
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However, analysing the MEA function shows that comparing cosine similarity of
patch embeddings is a valid method of aligning images. Only the relative comparison
of embeddings is important. Further work could analyse the MEA score of images
where one is covered by snow and other anomalies.

The algorithm could be improved by implementing a more advanced MEA opti-
misation method, such as Adam (Kingma and Ba 2015). Many other optimisation
methods can be used, both gradient-based and gradient-free. It is also possible to use
MEA to align an image without an initial position guess. In such case an optimisation
method that can avoid local maxima has to be used.

The final result obtained with Embed Match demonstrates its effectiveness. The
algorithm adjusts the initial position guess by 19 m, which is 30% of the input image
width. This shows that Embed Match can be used to align the map created by
a SLAM algorithm even with a large initial error.

6. Conclusions

This work explored the application of neural embedding models to the task of
cross-domain image alignment. A novel algorithm called Embed Match is introduced.
A mathematical proof is used to describe a visual top-down aerial SLAM algorithm
using satellite imagery. The proposed solution guarantees a constant upper bound on
the global position error of each point on the created map. The Embed Match algo-
rithm introduces a new class of image alignment methods based on whole-image em-
bedding similarity. Experiments are conducted that explore the behaviour of the pro-
posed methods. The results show that the algorithm correctly aligns images. Future
research directions for embedding-based image alignment algorithms are discussed.
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