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Abstract

This work provides an overview of the potential applications and functionality of feature
matching in Earth Observation (EO) with nanosatellites.

First, a meta-analysis of previous research into the area is performed to establish a general
baseline.

Subsequently, a simulated CubeSat is prepared, with strict resource limitations, to approxi-
mate the satellites in use by the University of Wiirzburg.

The simulation also includes the acquisition of realistic Earth Observation (EO) images.

This set-up then evaluates commonplace OpenCV feature matching algorithms, especially
regarding resource use and software performance. All algorithms examined were found to be
compatible with the limited resources. Lightweight methods such as FLANN and RANSAC
were used to approximate the solutions.

The conclusions reached here support the general consensus that SIFT remains the best
choice for most applications, especially when robustness is vital. However, for dilerent use
cases, faster algorithms such as ORB and TEBLID are preferred.

Zusammenfassung

Diese Arbeit gibt einen Uberblick tiber die potenziellen Anwendungen und Funktionen des
Merkmalsabgleichs in der Erdbeobachtung mit Nanosatelliten.

Zuerst wird eine Meta-Analyse der bisherigen Forschung in diesem Bereich durchgefuihrt, um
eine allgemeine Grundlage zu scha[en.

Danach wird ein simulierter CubeSat mit strikten Ressourcenbeschrankungen vorbereitet,
um sich den von der Universitat Wiirzburg verwendeten Satelliten anzunadhern.

Die Simulation umfasst auch die Aufnahme von realistischen Erdbeobachtungsbildern.

Mit diesem Setup werden dann gangige OpenCV-Feature-Matching-Algorithmen evaluiert,
insbesondere im Hinblick auf Ressourcenverbrauch und Softwareleistung. Alle untersuchten
Algorithmen erwiesen sich als kompatibel mit den begrenzten Ressourcen. Leichtgewichtige
Methoden wie FLANN und RANSAC wurden zur Losungsannaherung verwendet.

Die hier gezogenen Schlussfolgerungen stuitzen den allgemeinen Konsens, dass SIFT fur die
meisten Anwendungen die beste Wahl bleibt, insbesondere wenn Robustheit entscheidend ist.
Fur verschiedene Anwendungsfdlle werden jedoch schnellere Algorithmen wie ORB und TEBLID
bevorzugt.
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Chapter 1

Background and Motivation

1.1 The Goal

With the growing capabilities of CubeSats dedicated to Earth observation applications, an in-
creasing number of people are considering such missions for scienti ¢ or commercial uses. To
make the best possible use of resources, a lightweight feature detection algorithm is needed that
can run on low-power hardware.

Earth Observation (EO) refers to the practice of using technology to monitor and analyse
the natural environment of the Earth to better understand our planet. EO provides informa-
tion about the natural and man-made changes in society that help us to meet environmental
challenges and plan for disasters. This work focuses on purely visual features extracted through
Computer Vision (CV).

1.2 The Setup

The testing system is made up of a Raspberry Pi 3 Model B. The Raspberry Pi is a hobbyist
microcomputer that has become ubiquitous as a platform for many various projects. It was
chosen speci cally for this work because the University of Widrzburg operates a satellite using
a Raspberry Pi Zero with similar speci cations. This means that the ndings will have direct
use in the real world and a practical advantage.

To simulate an Earth Observation camera, a model globe was set up to be photographed
with the o cial Raspberry Pi High Quality Camera module.

This globe is technologically advanced enough to rotate using solar power automatically. It
uses satellite images taken by NASA of Earth, which more accurately simulate real-life condi-
tions, making the test setup su ciently similar [1].
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Figure 1.1: The MOVA Earth with Clouds Globe [2]

1.3 Software

The OpenCYV library was used with C++ code to keep the codebase as lightweight as possible.
This keeps the code small in memory usage, runs at a low hardware level, and is relatively
portable. Well-known feature detection, extraction, and description algorithms include SURF,
SIFT, ORB and many more [3]. Some of them have existed for decades. Some are cutting-
edge. Recency, however, does not automatically mean better. Reliability and e ciency are
more important than absolute accuracy in this use case. As satellite missions usually last for
years, long-term planning is crucial. Robustness is a necessity.

1.4 Test Criteria

To compare the algorithms, a scoring system is needed directly. Quanti able aspects include
execution time, the overall number of features detected, the overall and peak memory usage,
repeatability, the matching ratio with other algorithms, and the ease (time) of deployment. This
work intends to compare as many facets as possible, to help di erent kinds of future missions.

1.5 CubeSats

California Polytechnic State University, San Luis Obispo, and Stanford University's Space Sys-
tems Development Lab created the CubeSat standard. The o cial Design Speci cation provides
speci ¢ de nitions [4]. As a subclass of nanosatellites, the mass of CubeSats generally falls into
the 1 kg to 10 kg range. The standard 1 U unit has a dimension of 10 cr®10 cm 011.35 cm.
As of August 2022, 1893 CubeSats had been launched. The industry is rapidly expanding [5].
The estimated number of upcoming launches is shown in Figure 1.2.

A Quantitative Evaluation of Feature Matching Algorithms for CubeSats
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Figure 1.2: Nanosatellite launches per year [5]

1.6 The Satellites of the University of Wsrzburg

The NetSat project is part of an ongoing cooperation between the Zentrum far Telematik e. V.
(ZfT) and the Julius-Maximilians-Universiat Wiarzburg (University of Warzburg) [6]. As part

of the project, four CubeSats were launched in 2020. The mission aims to test the feasibility of
a distributed constellation of CubeSats.

As each satellite weighs only 4 kg, the payload capability is minimal. On-board each CubeSat
is a Raspberry Pi Zero equipped with its Camera Module. A Raspberry Pi is a widely adopted
single-board computer (SBC).

The camera is capable of taking photos up to 12.3 MP in resolution; however, due to the
limited bandwidth available, the actual broadcast resolution is much lower [7].

Figure 1.3a shows the internal hardware of a NetSat CubeSat, while gure 1.3b shows a
Computer-Generated Imagery (CGI) rendering of a CubeSat formation.

A Quantitative Evaluation of Feature Matching Algorithms for CubeSats
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(&) NetSat Hardware (b) NetSat Render

Figure 1.3: Images of NetSat [8, 9]

Figure 1.4 shows a typical example image, of what kind of imagery EO one expects from a
CubeSat.

Figure 1.4: Image taken by NetSat-2 in November 2020 [8]

1.7 OpenCV

The Open Source Computer Vision Library (OpenCV) was launched over 20 years ago in 1999.
It soon established itself as an industry standard. Designed from scratch to be free and open-
source software (FOSS), it supports a wide variety of platforms and operating systems whilst
retaining portability. Desktop platforms such as Windows, Linux, macOS, and FreeBSD and
mobile platforms such as Android and iOS are all supported. The library has more than 2500
dedicated algorithms, from simple image processing to cutting-edge Arti cial Intelligence (Al)
applications.

Along with the open-source developers, the main contributor to the library is Intel®. These
factors helped establish OpenCV with hobbyists and market-leading companies. Even if the
intended platform diers, OpenCV is well documented, enabling straightforward migration.

A Quantitative Evaluation of Feature Matching Algorithms for CubeSats
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Under the hood, OpenCV implements all algorithms using C and C++. However, it also o ers
bindings for other languages such as Python, Java and MATLAB. This lets the code be used
by many more developers, with a more accessible syntax but maintains most of the high speed
and e ciency of C/C++ code[10, 11].

A Quantitative Evaluation of Feature Matching Algorithms for CubeSats
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2.1 Comparison of Algorithms

In order to validate this work's data, comparisons must be made with existing work, wherever
possible. This approach measures the need for new results and areas to be improved.

Since the speci ¢ topic is a niche, a more general overview and extrapolation are necessary.
Some authors use more advanced types of EO methods, utilising Deep Learning, which has a
much higher resource cost.

As the lightweight property of the code is essential, these methods are generally outside
the scope of this work. Although most authors compare a select few algorithms, this work
intends to evaluate the entire spectrum. In general, the ndings indicate that the repeatability
and general robustness of the original SIFT and SURF algorithms remain unsurpassable [12].
However, more modern algorithms o er better rotation invariability, such as ORB and BRISK.

In addition, these algorithms are open-source instead of proprietary. This helps to keep code
a ordable, accessible, and future-proof.

The SURF algorithm o ers much higher speeds whilst maintaining robustness. However, this
extra speed does add additional hardware requirements. Since our goal is not live transmission,
longer processing times may be acceptable [13]. Previous work merely concentrated on either
too di use comparisons or entirely di erent use cases. The goal is to examine and evaluate the
algorithms available for the sole purpose of Earth Observation feature detection. Furthermore,
algorithms must run on low-resource hardware. However, low speed is not necessarily a problem,
as no real-time feature detection is required.

2.1.1 Algorithms in Detail

The Scale Invariant Feature Transform (SIFT) and Speeded Up Robust Features (SURF) algo-
rithms are the oldest and most well known feature extraction algorithms. SIFT is more robust
to geometric transformations and changes in scale, while SURF is faster and more e cient. Both
use so-called oat descriptors.

Oriented Binary Robust Independent Elementary Features (BRIEF) (ORB) is an open-
source alternative to the traditional and patented SIFT and SURF algorithms. It is considered
a fast and robust approach. It combines the Features from Accelerated Segment Test (FAST)
corner detector with the Binary Robust Independent Elementary Features (BRIEF) descriptor
and includes an orientation component for additional rotational invariance. The descriptor is
xed at 256 bits in size. ORB is, in general, very scale invariant.

Binary Robust Invariant Scalable Keypoints (BRISK) uses a more sophisticated and theoreti-
cally more robust detector and descriptor. However, these require more computations. BRISK is
not designed to be strictly scale-invariant. BRISK includes a rotation-invariance step during the
detection phase, while ORB only uses a rotation-aware descriptor that only accounts for small
rotations. BRISK uses a con gurable but larger descriptor than ORB. BRISK is considered to
be highly viewpoint- and illumination-invariant.

KAZE and Accelerated-KAZE (AKAZE) are both unique by using a non-linear scale space
for detection and description. AKAZE is an improved version of KAZE that is faster and more
robust. AKAZE uses a binary descriptor, whereas KAZE uses a oat. The descriptor of AKAZE
is based on BRIEF, while that of KAZE is based on SURF.

A Quantitative Evaluation of Feature Matching Algorithms for CubeSats
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. Detection Description Stated
Name Release Authors Licence I 'PH
Type Type Bene ts
Lowe Patented DoG 128D Highl
SIFT 2004 (expired . g- Y
et al. [14] (blobs) oat invariant
2020 [15])
Ba Patented Hessian 64D Faster
SURF 2006 Y (expires matrix
et al. [16] oat than SIFT
2029 [17])| (blobs)
Rublee Open FAST + Mod
ORB 2011 P Harris ' Very fast
et al. [18] Source BRIEF
(corners)
Leutenegger| Open AGAST + DoG Fast,
BRISK 2011 99 P FAST . more
et al. [13] Source binary _
(corners) resource e cient
Alcantarilla Open Hessian nonlinear Higher accuracy
KAZE 2012 P matrix and
et al. [19] Source oat e
(blobs) distinctivity
Alcantarilla Open Hessian Mod. Local More e cient
AKAZE 2013 P . Di erence
et al. [19] Source matrix ) KAZE
Binary
Stwarez Open ORB Box Average Much lower
TEBLID 2021 P Di erence computational
et al. [20] Source (corners) )
Binary cost

Table 2.1: Algorithm Comparison

Triplet-based E cient Binary Local Image Descriptor (TEBLID) is a very recent descriptor
algorithm. It relies on a di erent detection algorithm for its keypoints. The general recommen-
dation is to use ORB. It uses the novel approach of extracting descriptors with texture and edge
information, which should improve its e ectiveness on low-contrast and weakly textured images.

2.1.2 Descriptor Types

The descriptors can be ordered into two major groups.

Float descriptors (SIFT, SURF, and KAZE) represent features using a vector of real-valued
numbers. This leads to a high computational cost, with the bene t of retaining more information
and thus the precision of the intensity values of the keypoints. This should o er higher accuracy
and robustness with the trade-o of memory use and running time.

On the other hand, binary descriptors (ORB, BRISK, AKAZE, and TEBLID) represent the

A Quantitative Evaluation of Feature Matching Algorithms for CubeSats
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features with binary codes. This makes them more e cient to compute, but with the loss of
precise information. This can make them unsuitable for images with high noise or low contrast.

2.1.3 Matching Methods

The following methods can be used to make matching more e cient for limited-resource appli-
cations:

Fast Library for Approximate Nearest Neighbors (FLANN) is a library to approximate k-
Nearest Neighbours (kNN) search. It builds a hierarchical structure to search for neighbours
more e ciently.

The L2 norm, otherwise known as the Euclidean norm, tends to be used for oat descriptors.

kxk, = x? (2.1)

It calculates the distance of two vectors by taking the square root of the sums.

Binary descriptors o er a much more e cient way to determine neighbours. The Hamming
distance is the number of bit positions in which the vectors di er. This is very fast, even for
large-scale data, because it can be e ciently computed solely by bitwise operations. However,
it is generally not as accurate as the Euclidean distance.

2.2 Exact Setup
2.2.1 Raspberry Pi

The hardware for the experiment was a Raspberry Pi 3 Model B. However, to account for the
reduced resources of the Raspberry Pi Zero, the CPU was arti cially limited to a maximum of
1 GHz on a single thread, and the RAM to a total of 512MB (with 128MB allocated to the
GPU). This is the standard con guration of the camera modules onboard the satellites of the
University of Wirzburg. Simulating the platform as closely as possible is one of the main goals
of this work.

An unavoidable di erence lies in the CPU architectures. The Pi Zero has a 32-bit ARM11
processor using the ARMv6 architecture. The Pi 3 has a 64-bit processor based on ARMv8-A.
Even accounting for the di erences in cores, the Pi Zero lacks features such as out-of-order
executions, hardware virtualisation, and advanced Single Instruction, Multiple Data (SIMD)
instructions. These factors may lead to di erences, but should be negligible.

In any case, the latest Pi Zero 2 W model has a CPU identical to the Pi 3. So this issue is
irrelevant to any future missions using the latest hardware.

2.2.2 Raspberry Pi Camera

The Raspberry Pi High Quality Camera V1.0 camera module has a Sony IMX477R stacked
back-illuminated sensor with a maximum resolution of 12.3 megapixels. It has a pixel size of
1.55 um x 1.55 um. A removable infrared (IR) Iter is provided, which makes it suitable for
advanced remote sensing operations. The sensor size is 1/2.3" (7.9mm) [7].

A Quantitative Evaluation of Feature Matching Algorithms for CubeSats
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